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Fig. 1. Timeline of our intervention.

Providing ample opportunities for students to express their thinking is pivotal to their learning of mathematical concepts. We
introduce the Talk Meter, which provides in-the-moment automated feedback on student-teacher talk ratios. We conduct a
randomized controlled trial on a virtual math tutoring platform (n=742 tutors) to evaluate the effectiveness of the Talk Meter
at increasing student talk. In one treatment arm, we show the Talk Meter only to the tutor, while in the other arm we show it
to both the student and the tutor. We find that the Talk Meter increases student talk ratios in both treatment conditions by
13-14%; this trend is driven by the tutor talking less in the tutor-facing condition, whereas in the student-facing condition it
is driven by the student expressing significantly more mathematical thinking. Through interviews with tutors, we find the
student-facing Talk Meter was more motivating to students, especially those with introverted personalities, and was effective
at encouraging joint effort towards balanced talk time. These results demonstrate the promise of in-the-moment joint talk
time feedback to both teachers and students as a low cost, engaging, and scalable way to increase students’ mathematical
reasoning.
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1 INTRODUCTION

Talking about math is central to learning math [11]. In the U.S., both the National Council of Teachers in
Mathematics (NCTM) and the Common Core [4] emphasize the importance of student discourse in representing,
understanding and connecting math concepts, and encourage teachers to provide students with opportunities to
express mathematical thinking in the classroom. However, most learning contexts still present a lot of room for
improving student talk time and their engagement in STEM discussion, with teacher talk time ranging between
72-88% in whole classroom, small group and 1:1 learning contexts [14, 16, 17]. Typically, increasing student talk
falls on the shoulders of teachers. To elicit student engagement, teachers have to use the right talk moves in the
right moments, adapting their practice to the students’ background, personality and learning style [11]. Such
high-quality teaching practice takes a lot of coaching to master, which is unavailable to most teachers on a regular
basis, especially in informal contexts [33]. And even for expert teachers, monitoring and effectively increasing
student talk is challenging among numerous concurrent tasks they juggle during their teaching session.
Technological advancements have created novel opportunities to improve the quality of student-teacher

interactions, via automated feedback to teachers. A recent line of work showed that teachers who receive
automated feedback on student talk time and teacher talk moves after their teaching session improves their
teaching practice as well as student engagement and satisfaction [16–18]. For example, Demszky et al. [18]
conducted a randomized controlled trial in an online 1:1 mentoring context that showed that providing mentors
with feedback on talk time and uptake of student ideas based on their session increased student talk time in
subsequent sessions and improved students’ experience with the program and optimism about their academic
future [16]. Automated feedback to teachers thus seems to be an effective way to facilitate reflection and
professional learning for teachers. However, such post-session feedback does not address the issue of the teacher
being fully responsible for monitoring and increasing student talk real-time.
A parallel line of work indicates that gamified representations of student activities via points, badges and

leaderboards can tap into students’ intrinsic motivation and facilitate student engagement [13, 28, 38, 44, 47].
The gamification of learning activities helps distribute the cognitive load between the teacher and the student
as students become active participants of their learning experiences [26, 35]. Could automated language-based
feedback be shown real-time to students as well, to help encourage active learning in mathematics?

To answer this question, we study the effectiveness of real-time talk time feedback to both teachers and students
in increasing students’ engagement in mathematical discussion. We conduct a randomized controlled trial on the
CueMath platform (n=742), which offers 1:1 virtual math tutoring to students worldwide. We introduce the Talk
Meter, which provides intermittent feedback (every 20 minutes) to tutors and students on their talk ratio during
the 55 minute tutoring session. We thus extend prior work by testing the effectiveness of in-the-moment—rather
than post-teaching—feedback and by creating two treatment arms to compare the effectiveness of providing the
feedback to both the student and the tutor to providing the feedback to the tutor alone.
Our study seeks to answer the following three key research questions:
(1) What is the impact of the Talk Meter on the tutor-student interaction, as measured by talk ratio, talk time,

use of various language features such as focusing questions and mathematical terms?
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(2) How did tutors perceive the Talk Meter and the impact it had on their instruction and student engagement?
(3) How did students perceive the Talk Meter?

We answer these questions through a mixed-methods approach: We use quantitative analyses to answer the first
question, and qualitative interviews to answer the second and third question. We find that the Talk Meter increases
student talk ratios in both treatment conditions by 13-14%; this trend is driven by the tutor talking less in the
tutor-facing condition, whereas in the student-facing condition it is driven by the student expressing significantly
more mathematical thinking. Through interviews, we find the student-facing Talk Meter was more motivating to
students, especially those with introverted personalities, and was effective at encouraging joint effort towards
balanced talk time. These results demonstrate the promise of in-the-moment joint talk time feedback to both
teachers and students as a low cost, engaging, and scalable way to increase students’ mathematical reasoning.
This work also supports the hypothesis that joint feedback can be an effective way to lift the burden from the
teachers’ shoulders and help foster students’ feeling of ownership over their learning.

2 RELATED WORK

2.1 Measuring Student Engagement with Talk Time

Student engagement in their learning environments, such as tutoring programs, often predict their learning
achievement [22, 36, 49, 53, 58]. A simple measure of this is the talk time split across students and teachers
[50, 51]. Increasing a student’s talk time leads to learning opportunities for students to express mathematical
thinking, fill in gaps in their understanding, and seek new information—all of which align with the Common Core
State Standards for Mathematical Practices [4]. Additionally, increased student talk time can indicate that the
student is motivated to actively learn [48, 56], engage in productive struggle [52] or build stronger relationships
with their instructors [31]. Prior work in gamification for learning new languages focus on measuring student
talk for capturing student engagement [30, 45].

2.2 Automating Feedback for Educators

Providing feedback to learners and instructors is critical for their growth [24]. With recent technological advances,
there has been a growing number of efforts aimed at building automated feedback tools and analytical dashboards
for educators, including information on educator and student talk time as well as other pedagogically relevant
aspects of the discourse [TeachFX, 3, 6, 29, 55]. Such scalable and consistent feedback provides complementary
advantages of expert human feedback, which is challenging to scale due to resource constraints. For example,
Demszky and Liu [16] provides evidence through a randomized control trial in a 1:1 virtual mentoring context that
automated feedback delivered to mentors after they complete their teaching session decreases mentor talk time
by 6% and improves students’ experience. We extend this work to evaluate the effectiveness of in-the-moment
automated feedback on talk time at improving math tutors’ instruction.

2.3 Sharing Feedback across Educators and Students

While a lot of prior education work has focused on providing feedback to either students or educators, less work
has explored providing the same feedback to both students and educators. Previous works note the importance of
feedback on literacy, for example studying how students and educators respond to the feedback they receive
[9, 39]. Richardson [46] notes how feedback does not typically change how teachers instruct because they do
not seriously respond to student evaluations. Another example is Chamberlin et al. [10], where they show how
feedback for students—particularly negative feedback—enhanced anxiety and and demotivated students. These
works study the lack of engagement with asymmetrical feedback, where feedback is written by one party and
received by another. Our work explores the effectiveness of symmetrical feedback, where the same type of
feedback like talk time is shared across both parties.
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Tutors Mean/% SD Students Mean/% SD

Total number 742 Total number 1,266
Female 94% Female 55%
Age 40.40 8.17 Grade level 4.95 2.24
Years w/ CueMath 3.56 1.68 Elementary (GR1-6) 74%
Baseline Talk Ratio 56% 18% Middle (GR7-8) 21%

High school (GR9-12) 5%
Region
India 9%
UK 11%
US 58%
Rest of the world 23%

Table 1. Demographics of our participant sample.

3 STUDY BACKGROUND

We conducted the study on CueMath1, an education technology platform that offers 1:1 online math tutoring
to 37,000+ students worldwide. Headquartered in India, an emerging economy with a 24% female labor force
participation rate (World Bank, 2022), CueMath employs more than 3,000 tutors, 95% of whom are women, many
with backgrounds in STEM fields. Sessions are conducted on Cuemath’s proprietary platform, featuring video
calls, a digital whiteboard, and curriculum-aligned materials. The study was approved under institutional IRB.

3.1 Tutor Training and Professional Learning

CueMath focuses on active learning, encouraging productive struggle as set forth by the National Council
of Teachers in of Mathematics (NCTM): “Effective teaching of mathematics consistently provides students,
individually and collectively, with opportunities and supports to engage in productive struggle as they grapple
with mathematical ideas and relationships” [34]. The platform additionally focuses on ensuring that each session
is in the zone of the student’s proximal development [54]. This means that tutors need to forgo the temptation to
lecture or explain for the majority of the session. Instead, they are expected to guide, prompt or “cue” the student,
so that more of the cognitive work is done by the student. This provides the student with more opportunities to
practice, perform and master a skill independently. CueMath onboards and trains all tutors. Coinciding with
the experiment2, CueMath retrained all of its tutors through in-person regional trainings to re-establish not just
professional but pedagogical expectations regarding the aforementioned principles (see details in Appendix A).

3.2 Participants

A month before the intervention, we randomly selected 780 tutors for baseline data collection. For each tutor,
we randomly selected up to two students that were assigned to the tutor, resulting in 1350 tutor-student pairs
(some tutors only work with one student). Since 38 participants attrited from the sample during the baseline data
collection period (due to inactivity, leaving the platform, or their students transferring to an out-of-sample tutor),
the final analytic sample includes 742 tutors and 1,266 students. Table 1 summarizes the characteristics of
the participant sample using available demographic information on CueMath. While most of the tutors are female
(94%), genders are roughly balanced among students (55%). The average tutor age is 40 (SD=8.18) and they have

1https://www.cuemath.com
2The concurrence of the retraining with the experiment was accidental. Since it was offered to all tutors, it did not interfere with the
randomization, but it did help ensure that all tutors were aware of the importance of encouraging student participation in the mathematical
discourse.
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about 3.6 years of experience at CueMath (SD=1.68). Their average talk percentage prior to the intervention is
56% (SD=18%), which is relatively low compared to 70-80% talk time observed in many other educational contexts
[15, 16]. The majority of students are in elementary school (74%) and are located in the US (58%).

4 RANDOMIZED CONTROLLED TRIAL

We conducted a randomized controlled trial to evaluate the effectiveness of giving feedback to tutors and
students on their talk ratios during their session. The study had three experimental arms: Control, TutorTM,
TutorStudentTM. Participating tutors were randomly assigned to one of the arms. The Control group
conducted “business as usual”, without receiving feedback on their talk time. Below we describe the intervention
for the two treatment groups, TutorTM and TutorStudentTM.

4.1 Timeline & Trainings

The study was conducted for about six weeks between June 28 and August 11, 2023. Figure 1 includes the timeline
with three relevant dates that indicate launches for trainings and communication about the TalkMeter. Only the
two treatment groups (TutorTM and TutorStudentTM) received these trainings. As mentioned in Section 3.2,
a month prior the experiment (May 22), we started to collect baseline data for the study to observe instructional
practices prior to the randomized intervention.

On June 28, treatment group tutors received an email that explained that 1-2 students of theirs were selected
to be part of a pilot for a new product feature on the tutoring platform. The email included brief pedagogical
rationale behind the tool (see online supplement). Tutors were also told to complete an asynchronous training,
and join a live Zoom training before the deployment of the feature on July 10. Five asynchronous training modules
were released. The talk meter was referred to as the "50:50 talk meter" to encourage an average student and
teacher talk ratio of 50:50 in classes. Tutors in the TutorStudentTM group were given additional messaging
and resources to brief their students before the new feature launched. They were asked to complete a Student
Worksheet with participating students, which was designed to help students understand the learning impact of
them talking out loud and explaining their thinking to their tutors (see excerpts in online supplement).

From July 3 to 10, several one hour Zoom sessions were held in groups of 20-50 to go over additional content
on strategies to increase student talk, and elicit student thinking during tutorial. Tutors watched video of tutorials
that had high student talk and low student talk, and discussed them together. Finally, on July 10, the Talk Meter
was deployed to tutor-student pairs, according to their treatment group assignments.

4.2 The Talk Meter

The first treatment group (TutorTM) received a tutor-facing TalkMeter, as part of which, every 20 minutes during
the class session, a frame appeared within the video calling session that showed tutor their talk ratio (Figure 5a).
The talk meter appeared 20 minutes into class, then 40 minutes into class, and at the end of class (Figure 5b).3 Its
appearance during class lasted for 1 minute. Results were shaded as red (student talk <= 25%), yellow (student
talk between 25-50%) or green (student talk >= 50%), to indicate improvement required. In the second treatment
group (TutorStudentTM), the TalkMeter was also visible to the student, to encourage participation via joint
reflection on talk ratios.
CueMath calculated talk times for the student and the teacher by aggregating periods of continuous sound

captured by their microphones. Talk ratios were calculated by dividing the duration of student speech by the
total duration of student and teacher speech. For example, in an hour-long class where the student spoke for

3We considered a continuous version for the Talk Meter but decided on intermittent instead because a) talk time did not change dramatically
minute to minute, and b) based on feedback we received from tutors in a small pilot with a different group of tutors showed that tutors
preferred the intermittent one and found that the continuous one can more easily be ignored or become a distraction.
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(a) Wireframe for Talk Meter, shown every 20 minutes during class. (b) Talk Meter shown once class ends.

Fig. 2. Components of the TalkMeter.

20 minutes and the tutor spoke for 25 minutes and the rest was silence, the talk ratio would be 44:56 (student
talk:teacher talk)%. We did not measure the duration of silence as it can happen for many reasons that we do not
have a way to disentangle (e.g., the student working on a problem, the recording staying on before or after class).

4.3 Recordings & Transcripts Collected

We collected 22,845 session recordings throughout the study, out of which 10,811 were collected during the
baseline period and 12,034 were collected during the experimental phase. Each tutoring session is scheduled for
55 minutes. We transcribe a random subset of 4436 recordings for each tutor given the high costs of transcribing
the entire dataset. We selected the earliest baseline recording available, and 2 of the most recent recordings
from the experimental phase for each teacher. We used DeepGram4 to transcribe these recordings and used the
transcripts for the language analysis described below.

4.4 Measures of Outcomes

Since our primary research question focuses on understanding the impact of the Talk Meter on the student-teacher
interaction, we use talk ratio, talk time and several language-based measures that capture changes in the tutoring
discourse. CueMath does not track learning outcomes that are standardized across regions, and its students also
enroll in CueMath at different points throughout the year. Thus, we are unable to measure the impact of the
intervention on students’ performance. We explain each of the outcomes below.

4.4.1 Talk Ratio and Talk Time. Student talk ratio and student talk time are key outcomes, being primary
intervention targets. We compute talk ratios as defined in Section 4.2, as the ratio of student talk to the total
amount of student and teacher talk. To better understand the amount of change in student and teacher talk, we
also use calculate their talk time in minutes.

4.4.2 Language Measures. We use natural language processing (NLP) to identify several language-based features
that estimate presence of high-leverage mathematics instructional practices. We use four open-source measures
developed and validated by prior work [2, 15, 59] on a dataset of elementary math classroom transcripts. We chose
these measures as they were readily available to the research team and because they had been correlated positively
with expert observation scores of instruction quality and students’ academic outcomes in math instructional
4https://deepgram.com
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datasets. These four language-based measures capture teachers’ use of focusing questions, teachers’ uptake of
student ideas, student reasoning as well as students’ and tutors’ use of mathematical terms. The models receive a
transcript of a tutoring session as input, and output binary or continuous predictions for each utterance in the
transcript, as described below. We aggregate these predictions to the transcript-level to generate outcomes.
Focusing questions. Students are more engaged and learn more when teachers pose focusing questions —

defined as questions that attend to what the students are thinking, pressing them to communicate their thoughts
clearly, and expecting them to reflect on their thoughts and those of their classmates [2, 7, 25, 43]. The use of
focusing questioning patterns has been linked to better student learning outcomes and confidence in mathematics
[21, 23]. Prior work developed models for computationally identifying focusing questions, training on math
classroom data [2, 15, 18]. Our work uses the fine-tuned RoBERTa model [37] from [15] to identify focusing
questions in the tutor’s utterances (binary variable).
Teachers’ uptake of student ideas. Teachers’ uptake of student ideas, e.g. via revoicing or elaboration,

promotes dialogic instruction by amplifying student voices and giving them agency in the learning process
[5, 12, 40, 57]. Such uptake can be an indicator of responsive teaching and has been linked to higher student
achievement [8, 15, 19, 41, 42]. Prior work has developed and validated a measure of uptake [19] and has shown
that this measure can be can provide successful feedback to instructors in group and 1:1 settings [16, 17]. Our
work uses [19]’s fine-tuned Bert model [20] to identify uptake in tutors’ utterances (binary variable).

Student reasoning. Student reasoning is a strong indicator of dialogic instruction where students are active
participants of the learning process [1, 55]. We use a fine-tuned RoBERTa model [37] from prior work [15]
that was trained on an elementary math classroom dataset annotated by expert educators with a definition
of student mathematical reasoning adapted from the widely used Mathematical Quality of Instruction (MQI)
observation protocol’s “Student Provide Explanations” [27] item. We apply this model to student utterances to
detect mathematical reasoning (binary variable).
Use of mathematical terms. The use of mathematical terms is one indication of students’ engagement

in mathematical thinking. Educators play a critical role in exposing students to mathematical terms, be it
through connecting these terms to mathematical content or representations in their instruction. They also play
an important role in encouraging students to practice using the terms Prior work collected a dictionary of
mathematical terms and, in the setting of elementary school mathematics classrooms, found that students whose
teachers use more mathematical language are more likely to use it themselves [59]. Additionally, these students
of higher mathematical term use perform better on standardized tests. We use this dictionary of mathematical
terms to identify the total number and the unique number of mathematical terms used by students and tutors.

4.5 Post-Study Interviews and Video Observations

For qualitative insights, we randomly selected 10 tutors total from TutorTM and TutorStudentTM to participate
in a 15 minute interview. We also randomly selected 19 students total from TutorStudentTM to participate in a
15 minute interview. To avoid bias, all interviews were conducted by a member of CueMath’s Learning Lab who
was not involved in the experiment. For tutors, the interviewer asked three questions: 1) "How was your overall
experience in using the Talk Meter?", 2) "You received your talk ratio results for each class with [student name]
for about 1 month. How did this change the way you taught?", 3) "Is there anything else you want to share with
us?".

For students, the interview asked: 1) “In the past month, did you see something called a Talk Meter?” 2) “What
do you think about it? Does it help you?” and 3) “Which would you prefer, a class with the Talk Meter or without?”
All classes from Control, TutorTM and TutorStudentTM were recorded. Members of CueMath’s Learning
Lab also randomly watched video recordings to observe how students and teachers reacted to the Talk Meter.
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4.6 Regression Analyses

We model the impact the intervention had on tutors’ practice via an ordinary least squares regression. We run a
separate regression to estimate the effect of the treatment on each dependent variable described in Section 4.4
above. Concretely, we measure the impact of the intervention on student talk ratio and talk time and frequency
of each language feature (Section 4.4.2). The models are specified as 𝑌𝑖𝑡 = 𝛽1𝑇𝑖 + 𝛽2𝑿 𝑖 + 𝛽3𝒎𝑖𝑡 + 𝜀𝑖𝑡 where 𝑌𝑖 refers
to a particular dependent variable for tutor 𝑖′𝑠 transcript 𝑡 ; 𝑇 is a factor variable that indicates the treatment
status, with a value of 0 indicating Control, 1 indicating TutorTM and 2 TutorStudentTM; 𝑿 is a vector of
tutor and student-level covariates, 𝑴 is a vector of transcript metadata; 𝛽1 is the parameter of interest which
measures the treatment effects of our intervention on teacher outcomes; and 𝜖 indicates the residuals. We conduct
analyses at the transcript-level and cluster standard errors at the teacher and student level to account for repeated
observations within a teacher and student.
We use the following binary variables as tutor and student covariates 𝑿 across all models: tutor is female,

tutor age, tutor CueMath years, student is female, student grade and student region. We also include baseline
baseline language features from tutors’ first recording as covariates. For analyses using student talk ratio and talk
minutes, we include students’ baseline talk ratio, students’ baseline talk minutes and tutor baseline talk minutes
as covariates. For analyses using language features as dependent variables, we additionally include baseline
values for all language features as covariates. The reason why do not include these baseline language features
as covariates for the other models is because we only have them available for a subset of the data, and hence
including them would restrict the analytic sample. In all models, we additionally include the session count for
the given tutor-student pair as the transcript covariate 𝒎.
We also conduct heterogeneity analyses to understand how the impact of the treatment on talk ratio and

talk time might vary across participants, especially as it relates to their compliance with trainings. We study
heterogeneity based on binary indicators of whether the tutor had an above average or below average baseline talk
ratio, whether the student completed the talk time worksheet, and whether the tutor completed relevant trainings.
For these analyses, we use the same model as described above, but instead of representing 𝑇 as a factor variable
with three levels, we use a binary indicator for treatment status. We include an interaction term between 𝑇 and
the heterogenous variable of interest. Since the student worksheets were only available to TutorStudentTM,
we exclude TutorTM from the analysis that uses student worksheet completions as a dependent variable.

Since training and worksheet completion is affected by selection bias, we cannot draw causal relationships
between the heterogeneous variables and the outcome. What these analyses do help us understand is what
characteristics may be predictive of intervention success for participants. For example, while we can’t determine
if worksheet completion causes greater improvement in student talk ratios, we can understand if a tutor’s decision
to have their student complete the worksheet is correlated with a greater improvement in their talk ratios.

4.7 Validating Randomization

To verify whether our randomization was successful, we evaluate whether the characteristics of each group differ
significantly via a three-way ANOVA. We compare tutor and student demographics, the validity of the recording
and discourse features measured in tutors’ first recorded baseline lesson. As the 𝑝 values in Appendix B Table 5
show, we do not find statistically significant differences among conditions in any of the characteristics. This
suggests that any differences we observe later in the course are likely due to the effects of the intervention.

5 RESULTS

In this section, we summarize both the quantitative and qualitative results of the Talk Meter intervention. For the
quantiative analyses (Sections 5.1-5.2), we provide a breakdown of results for each outcome variable introduced
in Section 4.4. As for qualitative findings, we provide a summary of post-study interviews.
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(1) (2) (3)
Independent variable Student talk ratio Student talk mins Teacher talk mins

Group=TutorTM 5.669** 0.731** -1.744**

(0.655) (0.201) (0.258)
Group=TutorStudentTM 6.100** 1.830** -0.924**

(0.676) (0.232) (0.271)
Control Mean 43.014 10.093 12.531
R2 0.385 0.461 0.409
Observations 8972 8972 8972

Table 2. Impact of the TalkMeter on student talk ratio and talk time in minutes. Standard errors are in parentheses. + p<0.10

* p<0.05 **. Each column displays the results of a separate regression. We omit covariates (as described in Section 4.6) from

this table for readability – the full table is included in Appendix C. The results show a significant increase in student talk,

both overall (student talk minutes) and in relation to teacher talk (talk ratio, teacher talk minutes).
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Fig. 3. The impact of the TalkMeter on student talk ratio and student talk in minutes, plotted over time by session count.

Each dot in the plot represents a separate regression, with the same covariates as those in Table 2. The error bars represent

standard errors obtained in the regressions. The colors represent the condition (TutorTM or TutorStudentTM). The trend

shows that while student talk ratios differ significantly only for the first session, the treatment effects on student talk minutes

are consistently different across condition over time.

5.1 Impact on Talk Ratios and Talk Time (ResearchQuestion 1)

Table 2 summarizes the main results. The results show that the TalkMeter significantly increases student talk
both overall and in relation to teacher talk. In both treatment conditions, we observe a similar increase in students
talk ratios: in the TutorTM group, the student talk ratio increases by 5.67% (𝑝 < 0.01), showing a 13% increase
compared to the Control group mean (43%), and in the TutorStudentTM group, the talk ratio increases by
6.10% (14% more than Control, 𝑝 < 0.01). However, the increase in student talk ratio is explained by different
patterns across the two conditions. In TutorTM, the tutor decreases their talk time more, talking -1.744 minutes
less on average (14% less than Control, 𝑝 < 0.01), while the the student is only talking .73 more minutes on
average (7% more than Control, 𝑝 < 0.01). In contrast, students in the TutorStudentTM condition increase
their talk time by 1.83 minutes (18% more than Control, 𝑝 < 0.01) while the tutor talking only 0.92 minutes
less (7% less than Control, 𝑝 < 0.01). Thus, the similar improvement in student talk ratios between the two
conditions is driven primarily by the tutor striving to talk less in TutorTM and the student striving to talk more
in TutorStudentTM.
To better understand how treatment effects change over time, we computed regressions separately for each

session, using the same covariates as shown in Table 2. The results are plotted in Figure 3, with the left figure
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Fig. 4. The impact of the TalkMeter on student talk ratio and student talk in minutes, plotted separately based on whether

the tutor-student pair had an above or below average baseline student talk ratio, whether the student completed the talk

time worksheet (TutorStudentTM only), whether the tutor completed the asynchronous and Zoom trainings (offered to

both TutorTM and TutorStudentTM), and whether tutors completed the company-wide re-training. Each pair of barplots

represents a separate regression, with the same covariates as those in Table 2 but with an added interaction term between

the heterogeneous variable and the treatment condition. The error bars represent standard errors obtained in the regressions.

The trends show that completing the talk time worksheet and trainings correlates with a greater treatment effect, and so

does having a below average baseline student talk ratio.

showing treatment effects for student talk ratios and the right plot showing treatment effects for student talk
in minutes over time, separated by condition. These plots offer three primary takeaways. First, we can see that
treatment effects generally increase in the first three sessions, after which they plateau (with some variance, e.g.
an unexplained dip for session 5 for student talk minutes). Second, while the coefficients for student talk ratios
is only significantly greater for TutorStudentTM compared to TutorTM in session 1 and 7, the coefficients
are consistently much greater TutorStudentTM compared two TutorTM for student talk minutes. This trend
demonstrates that the results from the analysis in Table 2 represent a consistent pattern in the student-facing
Talk Meter being more successful at increasing the amount of student talk than the tutor-facing Talk Meter alone.
Third, zooming into session 1, the TutorStudentTM shows an immediate increase in student talk while in
TutorTM it takes one additional session until we can observe a significant increase in student talk compared to
the treatment group. This suggest that it takes more time for the tutor to increase student engagement when
they are the only recipients of the talk time feedback.
Finally, we study the how different student and tutor characteristics — with a focus on compliance with

trainings — correlate with treatment effects. Following the approach described in Section 4.6, we conduct binary
comparisons across student-tutor pairs with above vs below average baseline student talk ratio, whether the
student completed the worksheet and whether the tutor completed the asynchronous training, the Zoom training
(Section 4.1) or the company-wide re-training (Section 3.1). Figure 4 shows the results of these analyses. Perhaps
the most noticable finding is that students who completed worksheets showed a three times greater increase in talk
ratios, and a six times greater increase in talk minutes compared to those who did not complete the worksheets.
This finding indicates that tutors’ encouragement and students’ willingness to complete the worksheet relate to a
much larger impact of the Talk Meter. Similarly, although with smaller effect sizes, we see that tutors’ compliance
with all three trainings, especially the ones specifically designed for the Talk Meter (async and Zoom), correlate
with approximately a 1.5 greater treatment effect in student talk ratios and a two times greater impact in student
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(1) (2) (3) (4) (5) (6) (7)
Num. tutor

focusing questions

Num. tutor

uptakes

Num. tutor

math terms

Num. tutor

unique math terms

Num. student

math terms

Num. student

unique math terms

Num. student

reasoning

G=TutorTM 0.987* -0.225 -11.768** -1.107** 5.567* 0.522 0.208
(0.390) (0.818) (3.859) (0.426) (2.748) (0.356) (0.138)

G=TutorStudentTM 1.072** 1.383+ -9.670* -0.873* 15.684** 1.566** 0.396**
(0.404) (0.813) (3.980) (0.394) (3.253) (0.349) (0.145)

Control Mean 7.523 22.213 75.571 13.519 37.540 8.581 1.651
R2 0.275 0.398 0.188 0.239 0.220 0.244 0.194
Observations 2318 2318 2313 2313 2315 2315 2318

Table 3. Impact of the Talk Meter on language features.

talk minutes. And finally, we find that the Talk Meter had a ∼1.2 greater impact on tutor-student pairs with a
below average student talk ratio compared to those with an above average talk ratio. This indicates that the
intervention is more successful for participants who have more room for improvement.

5.2 Language Features (ResearchQuestion 1)

Our final quantitative analyses focus on the impact of the intervention on tutor and student discourse features.
Table 3 summarizes the results. We find that tutors in both treatment conditions significantly ask more focusing
questions; by 13% for TutorTM (𝑝 < 0.05) and 14% for TutorStudentTM (𝑝 < 0.01) compared to the Control
group. This indicates that although tutors decrease their talk time, they do increase their use of questions that
probe the students’ thinking. Tutors also marginally increase their uptake of student ideas in TutorStudentTM
(by 6%, 𝑝 < 0.1), but not in TutorTM. Finally, along with a decreased talk time we see fewer math terms by
tutors in both conditions (𝑝 < 0.01 for TutorTM and 𝑝 < 0.05 for TutorStudentTM). In contrast, we find that
students increase their overall use of math terms in both treatment groups (by 13% for TutorTM (𝑝 < 0.05)
and 14% for TutorStudentTM (𝑝 < 0.01) compared to the Control group). These results suggests that teacher
math talk is being "replaced" by student math talk during the tutoring session. And importantly, we find that
in TutorStudentTM, but not in TutorTM, students also use 18% more unique math terms (𝑝 < 0.01) and
24% more student reasoning (𝑝 < 0.01) compared to the Control group. These findings indicate that the
student-facing talk meter elicited more diverse use of terms and an increased talk out loud reasoning in students
compared to the Control and TutorTM conditions.

5.3 Teacher Interviews (ResearchQuestion 2)

There are a couple of core themes that cut across interviews in both treatment groups. Tutors mentioned that
the Talk Meter provided them withmore awareness of what was actually happening during the session and
reminded them to encourage the student to talk. One tutor (TutorTM) said, “. . . if there is no talk meter, we are not
aware how much a teacher is talking in the class and how much the student is talking in the class.”. Another tutor
(TutorTM) admitted, “It wasn’t something that I kept in my mind that I need to ensure that the child is speaking.
But when the talk meter came in, I think it was like a reminder that I need to get the child to speak out. So there
are questions that I came up with frequently. . .Now I try and give those prompts to make sure the child has
interactions.”. Tutors in both treatment groups also mentioned that their two students were temperamentally

different, and that the impact of the Talk Meter varied by the student. One (TutorStudentTM) explained,
“It’s more impacted with [Student A] because [Student A] is one of my students who was really introvert. He
hardly used to talk with me.... So once after this talk ratio, and still I’m struggling, but I think his participation
has definitely increased.[. . . ] [My other student S] is always excited. See, we have been keeping 50:50 ratio. And
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then sometimes he even said that see ma’am, I got the major ratio. I have been talking more. You’re not letting
me to talk."

Differences also emerged from the tutors inTutorTM andTutorStudentTM.TutorTM participants’ feedback
focused more on their increased awareness, and their efforts to reduce long explanations, or to hold back to let
the student speak instead. TutorStudentTM participants’ feedback focused on ways the tool shared some of

the teacher’s burden in motivating the student – especially introverted students – to speak more in class.
In TutorStudentTM, a tutor also reflected on how the worksheet helped her student realize the importance
of talking more: “[Student S] in fact, had struggles with math. She [...] was half a grade below her actual grade
when she joined in.[...] So when [we] went through that sheet [...] she herself could arrive at that, oh, okay, this is
why I should talk, that changed it for her. And what’s been happening is she notices the talk meter. She actually
notices. She’s really proud of herself, and she does, oh, I spoke 60% of the time, or I spoke 70%. So that’s been
happening.". Tutors brought up objectivity of the feedback ("it becomes easier for a kid to take something that’s
very factual rather than coming from a person.") and the gamification of obtaining a 50:50 ratio as factors that
contribute to the effectiveness of the student-facing TalkMeter ("The kids are also excited to see. They themselves
know now that after 20 minutes after 40 minutes it will come up and I have to maintain my talk time.”).
Although most of the feedback was positive, tutors also shared challenges, such as feeling pressured to stick

to a 50:50 ratio, or feeling unnatural when holding back from speaking. A tutor (TutorTM) argued that
equal talk ratio may not be possible or desired in all context: “. . . every time it’s not possible. Like when we are
introducing a new concept to the child or we are doing more puzzle cards in the class, a teacher has to speak
more because if I’m cueing the child but puzzle cards are really very struggling for a child, we need to speak
more. And the talk meter flashes that you are speaking more. So sometime it hampers the learning but overall, in
my overall experience it hampers only a few times, but the impact is good more in more classes.”.
Finally, many of them shared the strategies they used, such as using prompts to get their student speaking,

or to ask open-ended questions (“Firstly I have to ask open ended question to the student. . .what did they
understand by the question or how should they go about the solution?"; TutorTM), or shortening explanations
(“So what really changed, I think, was the long explanation. . .whereas the other bit, making them involved[...]
might not have changed, but keeping explanation short, I think that is something I took away or that is something
that I’m consciously doing a lot more after the whole thing. In other things, I think I was already doing it, but it
just sort of got more reinforced.”; TutorStudentTM).

5.4 Student Interviews & Video Observations (ResearchQuestion 3)

Two themes cut across the majority of student responses. Most students (14 of 19) had a clear understanding of
what the Talk Meter was, what it was intended for, and many students (10 of 19) also noted that talking more
during tutorial was desirable. One student noted "It has its uses as to encourage [the student] to talk a bit more".
A notable subset of students (6 out of 19) also echoed gamification and competition themes we observed when
directly watching classes ourselves (see below). These students viewed the Talk Meter as a fun, interactive tool.
One student expressed, “It’s like a competition. So if you talk more, it’s like, I think you’re better at it." Another
noted "When I see that it’s red, I get a little bit sad and then I keep on talking, then I see it yellow, and then I keep
on talking more. Then I see it green and then I’m super happy".
The general feedback from students was predominantly positive, with 12 students expressing favorable

views. One student said, "Well, it gets me involved with questions, and I have the courage to ask questions, so
it’s pretty helpful". However, 4 students had neutral responses, and 3 expressed negative views, citing the tool’s
occasional intrusiveness during focused activities, "It can get annoying because sometimes when I’m trying to
look at a question, it just appears, and then sometimes I can’t get rid of it.".
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A random selection of video recordings revealed similar themes as the interviews, but also highlighted how
students approached the Talk Meter. Many children approached it as a game, and as a welcome way to break
up a 55 minute session. Below, we present 2 example exchanges, that are representative of many other video
recordings. Student-Teacher Pair 1 has a more reserved and quiet student, whereas Student-Teacher Pair 2 has a
more effusive, talkative student.

Student-Tutor Pair 1 Student-Tutor Pair 2

Student: I have more than you in the talk ratio!
Tutor: You’re almost 50:50. (Smiles.)
Student: Okay. If COA equals 110, find the
value of x. . . (Returns to math.)

Student: Where did my talk ratio go? It’s not here yet.
Tutor: Yeah, it’ll come. It came to me. 78% you and 22% me.
Student: (Calls her sister.) My talk ratio is going to come soon, like in less than a minute.
Tutor: Yeah. See!
Student: So this is how much I talk during the class and this is how much she talks during the class.
Basically even the first one. Last time, I think it was at like 13% for me and the rest for the teacher.
Tutor: Yes. (Laughs.)
Student: And that was very bad.
Tutor: Awesome! Clap for you.
Student: Yay. I’m awesome! (Sings "Everything Is Awesome.")

Table 4. Transcript excerpts

6 DISCUSSION

We deployed a Talk Meter on the CueMath platform to test the hypothesis that visually rewarding student
talk in the moment would lead to more productive student talk and thinking during class. We also tested if the
TalkMeters’ impact and reception would vary if results were shown just to the tutor, or shown both to the student
and tutor. Three key take-aways emerge from the study. First, the Talk Meter in both treatment conditions

increased students’ math-related talk, as shown by the significant increase in student talk ratios, student
talk minutes and use of mathematical terms, observing similar effect sizes as a previous study on feedback in
1:1 online teaching contexts [16]. Given the one-time cost of building the feature and the added trainings, this
intervention shows promise for scalable implementation [32].
A second take-away is that although the impact on student talk ratio was similar across TutorTM and

TutorStudentTM, student and teacher experiences were different between the two groups. Overall, the student
and teacher-facing Talk Meter generated more ownership from the student in an engaging and unpressed manner,
facilitating joint effort between the student and teacher in creating a class where the student does more talking
and thinking. While the change in ratio for TutorTM was driven largely by the teacher talking less,

the change in ratio for TutorStudentTM was driven by the student speaking more. Further, whereas
TutorTM not exhibit increased student reasoning, TutorStudentTM increased student reasoning and use
of unique math terms by terms by as much as 24% and 18%, respectively, indicating a moderate effect size.
This suggests that the increase in student talk is not just superficial, but that it reflects increase in substantive
mathematical thinking. Qualitative interviews and video observations corroborate the quantitative results,
indicating that the student-facing TalkMeter motivated students to talk more and led to positive, lighthearted
interactions upon its appearance. This result sheds light onto a new area — automated, language-based feedback
during instruction — where gamification can increase student engagement.

Third, both interventions resulted in some "substitution" of cognitive work from the tutor to the student.
This is consistent with the objective of the study for "students to do more of the cognitive work of talking, thinking,
and writing themselves." In TutorTM, this exchange largely occurred through math terms; students used more
while teachers used less compared to the control. In TutorStudentTM, the same exchange happened with math
terms, but was more pronounced - students used 42% more terms relative to control versus 14% more in TutorTM.
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In essence, the student-facing talk meter reconfigured the tutor-student exchange: students spoke more, used
more math terms, and more frequently provided explanations. In response, tutors asked better questions and
built on contributions more frequently through uptake. While there appears to be zero-sum trade-off on math
terms in both treatment groups (students use more, teachers use less), in TutorStudentTM increased student
reasoning seems "positive-sum," as it elicits better teacher questions and uptake of student ideas.

One primary limitation of this study is the absence of learning outcomes and measures on students’ confidence
and beliefs regarding math. In future work, we hope to collect outcome measures on students’ performance,
confidence and beliefs. A second limitation is that since trainings and the worksheet were only offered to the
treatment groups, we cannot study their causal influence on the tutoring session. A future experiment could
disentangle the impact of these trainings from the impact of the Talk Meter via a randomized design. A third
limitation relates to the representativeness of the sample. In addition to demographic representation (with tutors
being Indian women, and limited information on students), CueMath sessions also show, for example, a higher
average student talk ratio (43%) in the control group than other contexts (online 1:1 mentoring: 28% [16], online
small group: 20% [17]) – suggesting that CueMath sessions may not be representative of other teaching contexts.
Evaluating the Talk Meter in other learning contexts, such as regular classrooms, student group work and

subjects beyond math, and with different teacher and student populations is a highly promising direction for
future work. Doing so would help us understand the context-dependence of effect we observe, and would also
help us adapt the Talk Meter to the needs of teachers and students in different learning context and from different
cultural and demographic backgrounds. It is also crucial to conduct thorough fairness evaluation to ensure that
the Talk Meter is not biased against certain tutor or student populations. For example, imprecise measurement
due to the students speaking a certain dialect or in the presence of background noise that may correlate with
socioeconomic factors, can create inequities in the quality of feedback received by students and tutors.
Finally, future research should explore how we can make the TutorStudentTM even more effective, and

address some of the concerns (e.g. intrusiveness) mentioned by tutors and students in the interviews. Would
adaptive feedback timing, additional gamification, or a different type of design or metric be even more successful
at motivating student talk and thought? In future iterations, we would also like to study the effectiveness of
providing feedback to tutors and students on the content of their speech, e.g. by using the language measures
described in this paper. How can such language-based feedback be delivered to students and tutors in a way that
is not overwhelming, and effective at facilitating active learning?
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A TUTOR RE-TRAINING

Coinciding with the experiment5, CueMath retrained all of its tutors through in-person regional trainings. The
training re-established a shared understanding of the core goal of every tutoring session, and of the pedagogical
expectations of every tutor. The core goal of each tutoring session is described as maximizing the “delta“, i.e. the
math skills a student is able to do at the end of a class versus what a student is able to do at the beginning of
a class. The training additionally emphasized that productive struggle is critical to maximizing learning [52],
and that the three ingredients leading to productive struggle are a) high ratio, b) the right “zone“, and c) strong
motivation. “High Ratio“ refers to ensuring that cognitive work is done by the student, and that they are not
passively listening to the tutor explaining a concept for the majority of the class. “Right Zone” refers to ensuring
that the content is not too easy, and not too hard for the student, but at the zone of proximal development. “Strong
Motivation“ refers to ensuring that the tutor maintains an encouraging and positive relationship with the student,
so that a student is able to persist moments when productive struggle is challenging. The contents of this training
overlapped with themes in the asynchronous training and Zoom training offered to the treatment groups in the
experiment (Section 4.1).

B RANDOMIZATION CHECK

Control

Mean

TutorTM

Mean

TutorStudentTM

Mean

P Value N

Tutor female 0.95 0.92 0.95 0.62 727
Tutor age 39.91 39.76 41.56 0.97 734
Tutor CueMath years 3.49 3.41 3.78 0.96 738
Student female 0.57 0.54 0.56 0.19 738
Student grade 4.95 4.74 5.13 0.85 738
Student region=IND 0.09 0.11 0.07 0.71 738
Student region=UK 0.1 0.1 0.11 0.05 738
Student region=US 0.52 0.57 0.59 0.75 738
Student region=ROW 0.29 0.23 0.23 0.77 738
Invalid recording 0.36 0.37 0.39 0.14 738

Baseline Discourse Features
Student talk ratio 43.52 45.17 42.28 0.73 600
Student talk mins 10.9 10.98 9.73 0.89 600
Teacher talk mins 13.66 12.83 12.14 0.93 600
Num. tutor focusing questions 7.35 6.85 6.24 0.65 301
Num. tutor uptakes 22.07 22.88 19.78 0.7 301
Num. student math terms 34.29 37.55 31.8 0.49 299
Num. tutor math terms 77.26 75.04 66.74 0.61 300
Nu. tutor unique math terms 13.98 14.14 12.93 0.63 300
Num. student unique math terms 8.04 9.04 7.59 0.84 299
Num. student reasoning 1.6 1.49 1.29 0.46 301

Table 5. Randomization check using baseline data. The reason why we do not have N=742 is due to missing data: lack of

baseline recordings, self-reported responses or for the language features, only having analyzed a random subset of recordings.

5The concurrence of the retraining with the experiment was accidental rather than intentional. Since it was offered to all tutors, it did not
interfere with the randomization, but it did help ensure that all tutors were aware of the importance of encouraging student participation in
the mathematical discourse.
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C TABLE 3 WITH ALL COVARIATES

(1) (2) (3)
Independent variable Student talk ratio Student talk mins Teacher talk mins

Group=TutorTM 5.669** 0.731** -1.744**

(0.655) (0.201) (0.258)
Group=TutorStudentTM 6.100** 1.830** -0.924**

(0.676) (0.232) (0.271)
Tutor female -1.051 -0.209 -0.299

(1.354) (0.366) (0.489)
Tutor age 0.062+ 0.024* -0.014

(0.037) (0.012) (0.015)
Tutor CueMath years 0.317+ 0.019 -0.092

(0.188) (0.061) (0.071)
Student grade -0.313* -0.102* 0.039

(0.127) (0.046) (0.054)
Student female 1.314* 0.173 -0.315

(0.517) (0.192) (0.197)
Student region=IND -1.035 0.006 0.458

(0.934) (0.331) (0.353)
Student region=US 0.753 0.087 0.214

(0.674) (0.243) (0.245)
Student region=UK -0.758 -0.188 0.638+

(1.041) (0.345) (0.377)
Baseline student talk ratio 0.637** 0.035+ 0.007

(0.055) (0.020) (0.016)
Baseline teacher talk mins -0.138 0.086* 0.654**

(0.097) (0.035) (0.036)
Baseline student talk mins 0.213 0.684** 0.033

(0.131) (0.056) (0.040)
(0.427) (0.157) (0.126)

Session count 0.024 -0.315** -0.430**
(0.054) (0.020) (0.030)

Control Mean 43.014 10.093 12.531
R2 0.385 0.461 0.409
Observations 8972 8972 8972

Table 6. Impact of the TalkMeter on student talk ratio and talk time in minutes. Standard errors are in parentheses. + p<0.10

* p<0.05 **. Each column displays the results of a separate regression. The results show a significant increase in student

talk, both overall (student talk minutes) and in relation to teacher talk (talk ratio, teacher talk minutes). The key variables

pertaining to treatment group assignment are bolded, and all covariates are listed (as described in Section 4.6).
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COMMUNICATIONS

(a) June 28 email to TutorTM tutors. (b) June 28 email to TutorStudentTM tutors.

Fig. 5. June 28 emails introducing the Talk Meter to treatment group tutors.
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STUDENT WORKSHEET EXCERPTS

Fig. 6. Excerpt 2 from the student worksheet
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Fig. 7. Excerpt 1 from the student worksheet
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