
ResearchQuestions:

Wewill recruit 180 teachers who teach 4th-8th grademath in two cohorts to participate in our study.We

will randomly assign them to two coaching conditions–a reflective approach vs. a directive approach. The

randomization will be then conductedwithin coaches, meaning that half of the teachers a given coach

works with will be assigned to either a reflective or a directive approach.Wewill answer the following four

research questions.

Primary:

1. When integrated with automated feedback, what is the relative effectiveness of a reflective vs. a

directive coaching approach on teachers’ teaching practices?

2. When integrated with automated feedback, what is the relative effectiveness of a reflective vs. a

directive coaching approach on teachers’ perceived utility of the automated feedback?

3. When integrated with automated feedback, what is the relative effectiveness of a reflective vs. a

directive coaching approach on students’ perceived cognitive engagement in math lessons and

sense of classroom belonging?

Secondary:

1. When integrated with automated feedback, what is the relative effectiveness of a reflective vs. a

directive coaching approach on student learning outcomes?

Data Collection Plan and Approach:

Teachers will audio and video record six mathematics lessons each via high quality Swivl devices to capture

snapshots of their teaching throughout a school year. Themathematics teacher - and any support staff

members in the classroom - will wear amicrophone on a lanyard to clearly capture teacher speech. There

will be an additional four microphones scattered around the classroom to capture student speech. Based on

initial piloting, we expect to capture nearly 100% of teacher utterances and 90% of student talk using

automatic speech recognition (ASR) software; we then use these transcripts to generate teacher feedback.

Any incompleteness in this data will then be corrected by human transcriptionists for the purpose of

creating our outcomemeasures, described below.Wewill also collect administrative data on teachers and

students directly from district partners.Wewill then combine these different elements together to form

our analytic dataset.

Measures:

For this experiment, wewill focus teachers’ attention on three relatedmeasures, all with the potential to

createmore equitable classrooms. Our team has created these NLP-basedmeasures, reported their

psychometric properties, and used suchmeasures as automated feedback in prior work (Demszky et al.,

2021; Demszky et al., 2023; Demszky & Liu, 2023; Demszky &Hill, 2023; Demszky et al., 2024 ). These

measures are:

● Student reasoning. This measure identifies student reasoning via the grammatical
constructions students frequently use inmoments of reasoning (e.g., if, because, while, I think, the

way that I know, probably).We focus on student reasoning in this study because it correlates to
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student outcomes and is a critical component of both current standards-based reforms as well as

culturally responsivemathematics teaching, with this measure dovetailing with the latter’s

emphasis on academic rigor (Ladson-Billings, 1995). The technical details and validity of this

measure can be found in Demszky &Hill (2023).

● Teacher uptake. This measure identifies instances in which teachers build on the contribution
of their students by, for example, acknowledging, repeating, or reformulating what they have said

(e.g., Student: “I added 30 to 70.” Teacher: “Where did the 70 come from?”).We focus on this

measure because it correlates with student outcomes and is a natural follow-on to student

reasoning. For example, after increasing the amount of student reasoning, coaches in our pilot often

work with teachers on how to take up and build on that reasoning. Teachers’ uptake of student ideas

promotes dialogic instruction by amplifying student voices and giving them agency in the learning

process, unlikemonologic instruction where teachers lecture at students (Bakhtin, 1981;Wells,

1999; Nystrand et al., 1997). Our team has constructed anNLP-basedmeasure on teacher uptake

using an unsupervised learning approach.We have published a paper that documents the technical

details of our NLP approach and the validity of this measure (Demszky et al., 2021).

● Focusing questions.Questioning happens all throughout amath lesson. Themetric on
focusing questions attends specifically to teacher questioning that is meant to open up space for

student talk and reasoning. Focusing questions probe students to voice their ideas, reflect on their

own or other students’ thinking, and to deepen their understanding of themathematics.When

teachers ask focusing questions, they treat students’ contributions as valuable ideas for further

exploration and sensemaking. This contrasts with asking questions that direct students towards a

desired solution path without much attention to the students’ method and reasoning. The technical

details and validity of this measure can be found in Alic, et al., 2022.

In addition, wewill collect four types of outcomes:

● Teacher surveys after each lesson about the utility of feedback as well as perceptions about

changes in student reasoning and students’ formation of positivemathematical identities. See

appendix A for the specific survey items.

● Automatedmeasures of student reasoning, teacher uptake, and student idea attribution.

● Brief student surveys after each lesson that capture a) students’ perception of cognitive

engagement in each lesson (a dependent variable that corresponds to student reasoning); and b)

students’ sense of classroom belonging (a dependent variable that should respond to uptake and

student idea attribution). See appendix B for the specific survey items.

● Student test score outcomes from state standardized tests.Wewill also collect student

prior year’s test scores as baseline controls.

Note that because the first three types of outcomes aremeasured at the lesson level, wewill have

longitudinal data.Wewill discuss howwe leverage this feature of the data whenwe describe our analytic

approach.

Analytic Approach:

Balance Check:Wewill start our analysis by running balance tests to check whether our randomization is

implemented successfully.Wewill use teacher characteristics, student characteristics (aggregated to the

teacher level), and baseline teaching practices (e.g., teacher uptake) from the first recordings as outcomes in
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this analysis. These baseline characteristics will also serve as control variables in our analysis of the relative

effectiveness of the two coaching approaches.

As described above, because our randomization of teachers will be conducted at the coach level for each of

the two cohorts of teachers, wewill control for a coach-by-cohort fixed effect in these regressions and

cluster the standard errors at the coach level. Besides checking balance for each individual covariate, we

will also run a joint test to examine whether there are any systematic differences between the two

conditions.

RegressionModels: For all our primary research questions, wewill have repeatedmeasures at the lesson
level. For our secondary question, wewill only have student test scores at the end of a school year. Thus, we

will conduct two types of analyses. First, for RQs 1-3, wewill aggregate the lesson-level measures to the

teacher level.Wewill then estimate the overall differences of the two types of coaching for all four

research questions. Specifically, wewill estimate amodel in the following form for teacher-level outcomes

(i.e., teacher perceptions and teaching practices):

where indicates teacher ’s outcome such as their teaching practices and their responses to the teacher𝑦
𝑖
 

survey; is a binary indicator for the treatment condition; indicates the coach-by-cohort fixed effects;𝑇
𝑖

θ
𝑖

is the rich covariates we described above, including teacher characteristics, student demographics and𝑋
𝑖

characteristics (aggregated to the teacher level), and baseline teaching practices (e.g., teacher uptake) from

the first recordings which are collected before any coaching interventions; and is the error term.ε
𝑖

β
1

captures the differential effects on teacher-level outcomes comparing the two coaching approaches.

Similar to our balance tests, wewill cluster the standard errors at the coach level. Givenwe havemany

outcomes to examine in RQs 1-3, wewill create composite scores for the student and teacher surveys. To

avoid false positives, wewill also control the false discovery rate by using Benjamini-Hochberg procedure.

Whenwe expand the analysis to student outcomes, wewill conduct the regression at the student level to

increase our statistical power.

Second, for our primary research questions 1-3, wewill leverage the rich longitudinal data wewill collect

andmodel the growth of teaching practices to capture the dynamics of how instruction evolves differently

comparing the two coaching approaches.Wewill use a growth curvemodel that evaluates how teachers’

practices evolve over time, an approachwidely used in settings like ours when there are repeatedmeasures

for the same individuals over time (Singer &Willett, 2003).Wewill start with linear growth trajectories

first and also examine the possibilities of nonlinearity.

Power Analysis:

Our planned sample size is 180 teachers and 4,500 students. Assuming each coachworks with 4 teachers
at a time in the two cohorts, wewill work with approximately 22-23 coaches in total. A power analysis
indicates wewill achieve 80% statistical power (two-tailed alpha = 0.05) for aminimal detectable effect size
(MDES) of 0.42 for the teacher-level outcomes (i.e., instructional practices) and 0.20 for the student-level
outcomes (i.e., test scores). Here we assume the proportion of variance in teacher and students outcomes
explained by block and relevant covariates is 50%. TheMDES for teacher-level outcomes is consistent with
prior studies that examine teachers’ instructional outcomes (e.g., Garet et al., 2016; Kraft &Hill, 2020).
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Appendix A: Teacher Survey
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Appendix B: Student Survey
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