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Abstract 

Expert-configured AI tutors can extend structured practice and coach based on performance, 
but their contribution to learning outcomes and the value of spoken interaction require field 
evidence. We report a five-week randomized experiment with 86 working professionals in an 
asynchronous online MBA finance module. Students were offered a course-specific tutor 
(n = 52) or assigned to a holdout group (n = 34). Tutor students were further randomized to 
voice and text modes that alternated across weeks, holding constant the knowledge base and 
visual blackboard. Among 46 students in the retained assessment sample, tutor access was 
associated with higher post-test scores (+3.6 to +6.6 of 55 points depending on covariates) 
and greater written-answer depth. The instructor's final showed a +2.6-percentage-point tutor 
access boost across the full cohort. Voice increased dialogue density, question frequency, 
and message length, with similar engagement time. No voice assessment advantage was 
detected and the five-week sensitivity estimates were near zero. Observed voice billing was 
2.8 times text billing. Evidence suggests that structured AI tutoring significantly improves 
learning outcomes, and students found it a valuable added resource. Voice, however, 
expanded participation without a detected assessment benefit relative to text. 

Keywords: Intelligent Tutoring Systems, Adult Learning, Distance Education, Online 
Learning, Human-computer Interaction, AI,  Evaluation Methodologies 

1. Introduction 
How much can tailored AI tutoring raise academic performance compared to traditional study or to use of 
commercial AI? New generative AI tutors can extend student practice, vet their explanations, sequence 
hints, and interactively test their applied knowledge. Their educational value may also depend on 
students’ modes of interaction, as speaking and writing might shape their participation differently. This 
research reports on a field experiment that explores two lines of inquiry (i) whether a course specific 
generative-AI tutor improves learning outcomes compared to existing resources, and (ii) whether text 
versus voice delivery modes affect interaction levels, preferences, performance, and delivery cost. 

Generative-AI experiments demonstrate the importance of instructional configuration. Bastani et al. 
(2025) find that assistance improves practice performance but can impair subsequent unaided 
performance. Learning safeguards can mitigate this harm. Kestin et al. (2025) report greater immediate 
learning with a configured tutor than active classroom instruction. These different interventions direct 
attention to how assistance organizes retrieval, explanation, and application. 

Reporting on the University of Maryland’s evaluation of its Virtual Study Assistant, Palmer (2026) 
describes low student uptake, instructors’ limited use of tutor mode, and access to competing AI tools. 
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These conditions make adoption and instructional implementation central to evaluating campus AI 
deployment. 

Field experiments on generative AI in work and education settings examine temporary upskilling (Wiles 
et al., 2026), analytics support (Bapna et al., 2025), and personalization (Agrawal et al., 2026); graduate 
tutoring raises the corresponding question of what students can demonstrate beyond assisted practice. 

Working professionals study around employment and family responsibilities. Our tutor supplemented an 
asynchronous course's existing resources. Online-education research emphasizes sustained participation 
(Reich & Ruipérez-Valiente, 2019) and associates active practice with stronger performance than passive 
viewing (Koedinger et al., 2015). 

Reviews find that tutoring systems support learning, with effects depending on comparison instruction, 
assessment, and implementation (Kulik & Fletcher, 2016; Ma et al., 2014; VanLehn, 2011). New systems 
therefore require fidelity evaluation and locally validated outcomes. Screened ChatGPT-authored 
mathematics hints also yield learning gains (Pardos & Bhandari, 2024), through curated help rather than 
unrestricted conversational tutoring. 

Earlier dialogue-tutor experiments provide a modality benchmark. Litman et al. (2006) observe more 
spoken turns without a reliable adjusted assessment advantage. D'Mello et al. (2011) find no overall 
speech advantage and propose that typing facilitates formulation. Modern models permit evaluating 
flexible dialogue, spoken output, and repeated course-grounded use together. 

We conducted a five-week randomized field experiment with 86 online MBA professionals studying 
pricing, customer analytics, and corporate finance. The allocation used pre-test-ranked blocks. Tutor 
students were randomized to a starting modality and alternated voice and text. Both modes shared the 
model, knowledge base, transcript, and persistent blackboard. Several key results emerged. 

First, students who used the generative AI tutor had higher post-test scores (+3.6 to +6.6 of 55 points, 
depending on adjustment). Their written answers also exhibited higher relationship quality among ideas 
(interconnected answers 49% versus 27%). An independent test, the instructor’s final, showed a +2.6-
percentage-point access contrast across all 86 students. 

Second, this study extends the comparisons of Litman et al. (2006) and D'Mello et al. (2011) to a 
generative tutor with fluent spoken output, repeated course use, and shared visual support. In our context, 
voice increased turn density for 31 of 32 students, with more questions and longer messages at similar 
engaged time. No weekly assessment advantage was detected: the prioritized Weeks 8–9 contrast was 
−.08 of 11 points (95% CI [−1.10, .94]). Subsequent weeks showed no statistical difference in 
performance. 

Third, the field test separately measures participation, assessed performance, student preferences, and 
delivery cost. Voice roughly doubled dialogue density; student preferences shifted toward voice over text; 
voice billing was 2.8 times text billing at observed use; yet no assessment difference was detected. 
Institutions can therefore weigh participation and user experience against expenditure when assessing net 
benefits. 

Fourth, this study documents attempt-before-explanation, single-question sequencing, graduated help, 
structured feedback, and transfer-capstone requirements for subsequent fidelity and mechanism studies. 
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Taken together, the findings are consistent with educational benefits from the structured, incentivized 
practice bundle the tutor made available, with no detected additional assessment benefit from voice versus 
text mode. 

The remaining paper is organized as follows: Section 2 builds from prior research to organize hypotheses. 
Section 3 presents research design and metrics. Section 4 covers findings and robustness.  Sections 5 and 
6 interpret findings and discuss implications. Section 7 covers limitations, and Section 8 concludes. 

2. Prior Research and Hypotheses 

2.1. Pedagogical orchestration and the allocation of learning work 

Tutoring allocates diagnosis, attempts, hints, feedback, and application around learners' activity 
(Koedinger & Aleven, 2007; VanLehn et al., 2003). Premature explanations remove reasoning 
opportunities; insufficient help prevents progress. A course-grounded workflow sequences attempts and 
graduated support to sustain productive work. 

Retrieval practice supports retention (Karpicke & Blunt, 2011; McDermott, 2021; Roediger & Karpicke, 
2006), and self-explanation improves understanding (Chi, 1996; Chi et al., 1994). The interactive, 
constructive, active, passive (ICAP) framework distinguishes whether students passively receive 
information or manipulate and engage with it (Chi, 2009; Chi & Wylie, 2014). The framework also 
measures cognitive activity level, moving from recording to synthesizing and to applying beyond what 
was presented. Output measures participation, explanations connect principles, and inferences provide 
evidence of constructive activity. 

Self-regulated learning entails judging understanding, selecting practice, monitoring progress, and 
seeking help. Tutor questions and explanation checks can scaffold these activities (Azevedo, 2005; 
Azevedo & Hadwin, 2005). 

Student-agency and learner-control research (Darvishi et al., 2024; Qin et al., 2025) and simulated 
practice (Mollick et al., 2024) motivate specifying learners' decisions and revision opportunities during 
AI-supported tasks. 

Cognitive offloading reallocates work to external support (Risko & Gilbert, 2016). Tutors can also reduce 
organizational effort while preserving reasoning or remove practice by supplying answers. Default 
answers may not adapt to student needs (LearnLM Team, 2024).  Misuse of technology risks harming 
knowledge encoding and long term retention. 

Internet access changes memory strategies and can inflate perceived internal knowledge (Fisher et al., 
2015; Sparrow et al., 2011). Technology can alter cognitive effort (Lee et al., 2025), and offload critical-
thinking (Gerlich, 2025).  Others have studied electrophysiological essay-writing (Kosmyna et al., 2025), 
and longitudinal secondary-school learning penalties (Stromberg et al., 2026). Such studies motivate 
assessing capability beyond assisted practice and seek to facilitate the reasoning learners perform. 

Bloom presents one of the more established taxonomies of learning objectives based on how learners 
acquire new knowledge in cognitive (knowledge), affective (emotional), and psychomotor (action) 
domains (Bloom 1956). Anderson and Krathwohl expanded the framework to action ranges such as 
recalling, explaining, analyzing, and creating (Anderson & Krathwohl, 2001). The Structure of Observed 
Learning Outcomes (SOLO) framework complements this identifying whether student understanding is 
prestructural (disconnected or missing the point), unistructural (grasping a single relevant aspect), 
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multistructural (knowing multiple but independent points), relational (connecting different points), and 
extended (generalizing principles to new domains (Biggs & Collis, 1982). Our field research ranks higher 
and lower level item understanding using standard Bloom tags, while we use SOLO scores to characterize 
written assessment quality. 

2.2. Spoken and typed tutoring 

As distinct forms of interaction, speech and writing can differ in knowledge density and exchange. 
Litman et al. (2006) find more turns and longer sessions with speech, but no reliable adjusted assessment 
or words-per-turn difference. Recognition errors also complicate interaction. D'Mello et al. (2011) use 
human transcription in counterbalanced experiments and find no overall modality advantage, but do find a 
typing advantage among highly motivated learners. Their tutor spoke in both input conditions, 
underscoring the need to specify input and output modality. 

Multimedia modality benefits vary with pacing and element interactivity (Ginns, 2005). Spoken 
explanations can integrate words and diagrams, while duplicate displayed text can reduce the benefit 
(Kalyuga et al., 1999; Mayer et al., 2001). Transcripts and blackboards support review in both modes. A 
text transcript duplicates speech and may add processing demands. 

Lachner et al. (2018) find that written explanation supports organization and conceptual knowledge, while 
oral explaining supports elaboration and transfer in a non-tutoring task. Video explanation benefits 
learning relative to restudy but includes cues beyond speech (Hoogerheide et al., 2016). Explanation 
organization, elaboration, and accuracy therefore require measures distinct from volume. 

Writing facilitates planning before production; typing permits formulation before submission. By 
contrast, speech can reduce production effort and invite spontaneous questions. Answer production and 
explanation comprehension impose different demands. Shared transcripts and blackboards permit review 
during either spoken or typed exchange. 

Speaking studied material can improve memory relative to silent reading, through recollection and 
familiarity (MacLeod & Bodner, 2017; MacLeod et al., 2010; Ozubko et al., 2012). This production-
effect account directs attention to the explanations, retrieval attempts, and justifications students articulate 
during tutoring. 

Jacobs and Kiesler (2025) examine voice mode tutors for novice programmers with disabilities. Students 
found it competent but it had limited correctness uttering code elements. Riegel et al. (2026) studied voice 
input for programming but found most students used and prefered typing. Our configuration combines 
spoken input/output, shared written support, and repeated finance practice, defining a different modality 
comparison. 

2.3. Competing accounts of modality and the predictions they imply 

Four accounts make different predictions for spoken versus typed tutoring. Table 1 summarizes their 
mechanisms and observable implications. 

Table 1: Four accounts of modality effects in tutoring and their predictions 

Account Mechanism Prediction for voice relative 
to text Observable in this study 
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Account Mechanism Prediction for voice relative 
to text Observable in this study 

Social agency 

A human-like voice is a social cue that 
raises engagement and effort to 
understand (Atkinson et al., 2005; Mayer 
et al., 2003; Moreno & Mayer, 2000; 
Nass & Brave, 2005; Reeves & Nass, 
1996) 

More participation and higher 
assessed learning 

Turn density, questions, 
preference; weekly 
subscores 

Production effect 

Articulating material aloud strengthens 
later memory for it relative to silent 
processing (MacLeod et al., 2010; 
Ozubko et al., 2012; MacLeod & Bodner, 
2017) 

Higher assessed learning, 
concentrated in content the 
student voiced 

Weekly subscores; words 
per message 

Text facilitation 
Typing allows planning before 
submission; speech favors immediate, 
less formulated responses (D'Mello et al., 
2011; Lachner et al., 2018) 

More turns in voice but equal 
or lower assessed learning; 
longer reply gaps in text 

Reply gaps, pre-keystroke 
time; weekly subscores 

Shared visual 
channel 

Both modes provide a live transcript and 
a persistent blackboard; the modality 
effect in multimedia learning depends on 
pacing and on redundant text (Ginns, 
2005; Kalyuga et al., 1999; Mayer et al., 
2001) 

Any modality difference is 
attenuated 

Weekly subscores; depth 
scores 

Social agency and production effort predict a voice learning advantage; text facilitation predicts greater 
participation without that advantage; shared visual support predicts attenuation. These accounts differ 
most clearly on the within-student assessment contrast. 

Social-actor and media research link speaking systems to interpersonal expectations (Nass & Moon, 2000; 
Nass et al., 1994); anthropomorphism identifies triggering cues (Epley et al., 2007); voice experiments 
show increased perceived intellect and humanness (Schroeder & Epley, 2015, 2016; Seaborn et al., 2021). 
Applied to tutoring, spoken exchange should sustain participation and thereby learning. A voice 
assessment advantage would favor social-agency or production accounts; a participation difference 
without a detected advantage would be consistent with text facilitation or shared-channel attenuation, 
resembling earlier dialogue-tutor findings. Because these accounts share observable signatures, turn 
density, reply gaps, pre-keystroke time, and message length accompany the assessment contrast. They 
describe response patterns, not cognitive activity directly (Chi & Wylie, 2014). 

Experience differs from learning. Voice-assistant and conversational-interface studies measure usability, 
engagement, adoption, and reuse (Chen et al., 2024; Fernandes & Oliveira, 2021; McLean & Osei-
Frimpong, 2019; Moriuchi, 2019, 2021; Qiu & Benbasat, 2009; Rzepka et al., 2022; Seeger et al., 2021; 
Wagner et al., 2019); children's agent studies examine contingent dialogue, engagement, and 
comprehension (Xu et al., 2022a, 2022b). These constructs explain preference and continued use without 
establishing superior learning. Our study adds to this literature by measuring preferences, participation, 
and performance separately. 

2.4. Research Hypotheses 

Our primary research question (RQ1) asks how offering a class-specific AI tutor prompted with learning 
pedagogy affects student learning alongside existing instruction and resources. Our secondary research 
question (RQ2) asks how voice and text differ in observed interaction, topic-specific performance, student 
preference, and delivery cost. We expand these into the following hypotheses: 
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• H1: AI tutor access increases total assessed performance relative to the holdout, controlling for 
baseline performance. 

• H2: Within the tutor arm, voice produces higher performance than text on assessment items 
associated with the relevant course week. 

•  H3: The access effect is larger for higher-order than lower-order Bloom and SOLO levels. 

•  H4: Learning gains increase with tutor engagement intensity. 

The first hypothesis examines whether the randomized treatment group experiences gains relative to the 
holdout group.  The second hypothesis extends analysis to randomization across voice and text modes.  
The third hypothesis predicts greater gains for more sophisticated understanding as distinct from mere 
recall.  The fourth hypothesis explores whether gains accumulate. 

3. Research Design and Measurement 

3.1. Setting and participation 

The field experiment ran during Weeks 8–12 of an online MBA module covering pricing, customer 
analytics, and corporate finance. Generative AI tutoring was available from July 1 to August 5, 2026, and 
the post-test window closed on August 15. We trained the tutor on course specific content including 
recorded lectures, readings, problem sets, discussion boards, and instructor exchanges. Participation was 
voluntary and carried no course credit. Holdout students retained standard course resources and access to 
consumer AI. The access contrast therefore evaluates the offer of an additional configured tutoring 
resource within the existing course environment. 

The study received institutional review board approval on June 19, 2026 (institution and protocol number 
withheld for anonymous review). Participants gave informed consent before randomization. 

Incentives were identical across arms: $4 per completed study week (tutoring practice in the access arm; a 
brief check-in survey in holdout), rising to a $20 completion payment at four completed weeks plus a $5 
bonus for completing all five weeks. Payments earned per week were retained regardless of post-test 
completion. Completing the post-test entered students into a raffle of $600, $400, and $200 prizes and 
earned a free e-book authored by program faculty. Participation measures describe use under these 
incentives. 

The cohort comprised 86 assigned students: 52 offered tutor access and 34 assigned to holdout. The 
recorded response-quality screen retained 46 assessments (29 tutor; 17 holdout), excluding four students 
for short pre-test or post-test duration and one for short-answer effort. Table 2 separates assignment, 
completion, and analysis denominators. 

Table 2: Study population and analysis samples 

Population or record Count Interpretation 

Assigned participants 86 52 tutor access; 34 holdout 

Initial tutor-mode randomization 51 25 voice-start; 26 text-start (one student lacked a recorded 
start mode) 

Paired pre/post completers 51 32 tutor; 19 holdout (coincidentally also 51; a different set 
from the row above) 
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Population or record Count Interpretation 

Screened assessment sample 46 29 tutor; 17 holdout 

Five-week H2 panel 145 student-weeks 29 students × 5; includes unattended weeks 

Behavioral contrasts 32 paired students Students observed in both modes for these measures 

Language contrasts 34 paired students Different available-case sample from the assessment panel 

Archive-based paired density 
contrasts 27 students Archive coverage and pairing determine inclusion 

Weekly tutor-arm surveys 97 responses; 32 
students 27 repeat responders 

Active tutor users 38 At least one session 

Field-period conversation archive 256 conversations 298 application session rows are a different unit 

3.2. Allocation and the modality contrast 

The allocation used pre-test-ranked five-student blocks, with three tutor and two holdout assignments in 
complete blocks. The reconstructed analysis blocks follow the historical scoring convention; assignment 
documentation is incomplete. Recorded starting-mode allocation covers 51 tutor students (25 voice-start; 
26 text-start). The modality analysis uses 29 students with retained post-tests and mode histories. 

In Weeks 8 and 9, students followed their randomized starting modality and calendar alternation. From 
Week 10, a missed week's mode carried forward to the next attempt. Five-week modality histories 
therefore combine the randomized starting sequence with subsequent completion. In the present analysis, 
we prioritize the directly randomized Weeks 8–9 contrast for interpreting H2 and treat the five-week 
panels as sensitivity analyses. We code the original calendar schedule, platform-assigned mode, served 
mode, attendance, and goal completion separately. Student fixed effects account for stable learner 
differences; course-week effects account for common topic differences. 

The modality estimand concerns weekly voice–text differences within an alternating, mixed-mode 
regime. Students could review or preview content across weeks, so some carryover between topics is 
possible. 

The screened modality panel contains 13 voice-start and 16 text-start students. Analysis coding matches 
platform assignment and all attended exposures. Calendar assignment differs in seven later weeks across 
five students (Online Appendix Section C). 

Figure 1 summarizes participant flow in CONSORT form, and Figure 2 displays observed pre-test 
distributions. 



8 

 
Figure 1: Study design and participant flow for the 86-student cohort and completion-dependent modality regime. Study 
enrollment and retained analysis denominators are shown separately. Screening removed four duration failures and one effort 
failure overall. Prepared in TikZ with coding assistance from Codex (OpenAI; GPT-6.1-sol). 

 
Figure 2: Observed pre-test score distributions in the 86-student study cohort, grouped by tutor access and recorded starting 
modality. Boxes show medians and interquartile ranges; diamonds show means. 
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3.3. System configuration and intended pedagogy 

The protocol specified course-grounded practice, attempts before explanations, one question at a time, 
adaptive difficulty, graduated help, five-part feedback, and a scaffolded transfer capstone. Table 3 
distinguishes intended requirements from implementation evidence; fidelity and accuracy were not 
independently audited. Figure 3 illustrates the sequence. 

Table 3: Intended tutoring design and available evidence 

Design element Intended instruction Learning rationale / 
hypothesis Model Behavior 

Attempt before 
explanation Request an attempt before help Retrieval and explanation; H1 Prompted; fidelity unaudited 

Question sequence One question; adapt demand Sustain student production Prompted; fidelity unaudited 

Support when stuck Hints or smaller steps; example 
then practice Balance help with activity Prompted; fidelity unaudited 

Feedback Verdict, strengths, improvement, 
structure, micro-hint Support revision Sequence described; unaudited 

Transfer capstone Generalize with scaffolding Integration and transfer Prompted; fidelity unaudited 

Modality Speech or text with blackboard Response production; H2 Mode logged; cognitive activity 
unvalidated 

Nudge and weekly 
practice Re-engage; meter weekly goal Participation; H4 Prompted; events unaudited 
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Figure 3: Intended tutoring cycle illustrated with an NPV practice problem. The sequence specifies the intended instructional 
design. Prepared in TikZ with coding assistance from Codex (OpenAI; GPT-6.1-sol). 

Both modes used GPT-5.4 and the same course knowledge base, transcript, and persistent blackboard. 
Voice transcribed speech, passed text to the model, and synthesized replies with live captions; the model 
did not receive audio, intonation, or affect. Text thinking time and compose telemetry began in Weeks 
11–12. Online Appendix Figure S4 documents the architecture; platform and course identifiers are 
omitted for anonymous review. 

Figure 4 shows the deployed session interface. Online Appendix Figures S2 and S3 show the student and 
instructor dashboards. 
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Figure 4: Anonymous voice-tutor interface, shown in full. Callouts: 1 blackboard visibility; 2 speech status; 3 session controls; 4 transcript; 5 input control; 6 current blackboard note; 7 
earlier notes; 8 ask-about-note control; 9 study progress; 10 weekly time counter; 11 note download; 12 issue reporting. Identity and branding removed. 
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The access contrast evaluates the configured bundle as a whole. 

3.4. Assessments and scoring 

Each study assessment contained 15 items: two multiple-choice questions and one short answer for each 
of five course weeks. Multiple-choice items contributed up to 30 points and short answers up to 25, 
yielding a total score out of 55. Each course-week subscore ranged from 0 to 11 and represented the 
corresponding content on the end-of-study assessment. 

Human reviewers checked the construct alignment, wording, distractors, and answer keys of LLM-
assisted items. Paired variants changed surface details while preserving the target construct; post-tests 
used complementary vectors. Online Appendix Section B describes the variant construction and its 
verification limits. 

Bloom tags describe a question’s cognitive demand (Anderson & Krathwohl, 2001); SOLO scores 
describe the structure of the student’s written response (Biggs & Collis, 1982). SOLO ranges from 
prestructural (0) to extended abstract (4); the student dashboard displayed the same levels on a 1–5 scale. 
The two depth endpoints are the mean SOLO level and the proportion of answers reaching relational 
quality or above (SOLO ≥3). For the total-score calculation, SOLO levels map to 0, 1, 2.5, 4, and 5 
points. Distinguishing item demand from response quality permits separate examination of cognitive-
demand contrasts and written-answer depth. 

Table 4 summarizes the two classifications. Online Appendix Figure S1 illustrates complementary variant 
vectors. 

Table 4: Taxonomies used for item demand and written-answer quality 

Dimension Bloom item demand SOLO answer quality (level) 

Lower Remember; understand; apply Prestructural (0); unistructural (1); multistructural (2) 

Higher Analyze; evaluate; create Relational (3); extended abstract (4) 

Note. The columns are distinct classifications, not a conversion between Bloom and SOLO levels. SOLO grades are mapped to 
points as described in the text. 

Automated-scoring research distinguishes reliability from validity. Machine and human scoring can differ 
in severity and sensitivity to task context (Zhai et al., 2020), and LLM scoring depends on model, 
examples, rubric, and item context (Lee et al., 2024). These dependencies matter especially where 
tutoring feedback may influence answer length or structure. 

Short answers were scored by a masked council of four commercial language models, each applying the 
same SOLO rubric; the lower median of the four scores was taken to guard against a single generous 
grader. Mean linearly weighted agreement among the four graders was κ = .81, with 16% of answers 
showing disagreements spanning at least two SOLO levels. Online Appendix Section D reports 
agreement and provider-sensitivity summaries. 

3.5. Instructor-course midterm and final instruments 

Both instructor instruments are observed for all 86 students. Raw midterm scores out of 150 and final 
scores out of 200 were normalized to 0–100; contrasts are percentage points. Midterm administration 
occurred July 3–11 during the intervention but covered material pre intervention. Final exam 
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administration occurred August 7–13, before or overlapping research post-testing. The 46-student final 
analysis uses retained study-assessment students. 

Course-total ANCOVAs adjust for study pre-test and ability blocks with HC1 errors; item contrasts use 
item/block effects and student-clustered errors. These course outcomes were not pre-specified and are 
exploratory. We report both totals and retain item-demand contrasts in Online Appendix Table S2. The 
full-cohort final avoids study-post-test attrition; its retained-sample counterpart bridges to the main 
assessment. 

3.6. Process, preference, and cost measures 

We measure attendance, goal completion, engaged time, turn density, questions, and reply timing with 
their respective exposure denominators. Engaged time applies an idle clamp and a 20-minute weekly goal. 
Conversation rates are defined for attended sessions. 

Conversation logs record student and tutor turns, timestamps, and message text. An LLM classifier labels 
substantive turns, filler, substantive questions, and clarification requests; these categories have not been 
validated against human coding. Message length, question counts, turn density, and reply gaps measure 
observable conversational activity. 

Voice timing subtracts estimated tutor playback from the reply interval. Text telemetry separates pre-
keystroke and composition time. These instruments describe distinct components of student response 
production. 

Surveys elicited experience ratings and modality preference. The preference scale ranged from −2 (text 
only) to +2 (voice only). Billing used connected voice minutes and text messages; these units differ from 
engaged time and student turns. 

3.7. Estimation 

Access ANCOVAs regress post-test score on tutor assignment and pre-test, with and without 
reconstructed allocation-block indicators. Historical OLS estimates are retained; HC1 and leverage-
adjusted sensitivities appear in Online Appendix Section M. A July 7 repository version specifies blocks 
and robust errors, but the deposited analysis plan remains unverified. Missingness analyses include IPW, 
Lee point bounds, and approximate multiple imputation. Raw points remain primary; adjusted Hedges’ g 
uses the pooled within-arm post-test SD. 

H2 regresses course-week subscores on voice mode with student and course-week fixed effects and 
student-clustered errors. The interpretation prioritizes the directly randomized Weeks 8–9 calendar 
assignment; three sensitivity panels use five-week platform assignment, attended served mode, and all-
week calendar assignment (Online Appendix Table S1). Attendance-conditioned panels concern 
participants with observed exposure. 

Modality inference uses finite-sample-corrected student-cluster covariance and tG−1 tests. We report 
estimates and confidence intervals without interpreting a null contrast as educational equivalence. 

The main tables report raw p-values. A post hoc Holm sensitivity covers total score and the two depth 
endpoints; secondary analyses retain the Benjamini–Hochberg family. Course records, process measures, 
and surveys are exploratory or descriptive. 



14 

4. Results 

4.1. Participation and exposure 

Thirty-eight students used the tutor; 14 students offered the tutor recorded no session. Weekly 
completions and check-ins appear in Table 5. The 29-student modality panel contains 145 student-weeks, 
including 124 attended weeks and 118 completed weeks; two retained students never attended. 

Table 5: Field-period study records 

Record Count 

Study participants 86 (52 tutor; 34 holdout) 

Weekly tutor completions 29 / 31 / 28 / 30 / 26 of 52 

Weekly holdout check-ins 20 / 23 / 21 / 22 / 19 of 34 

Completed at least four weeks 27 tutor; 20 holdout 

Tutor conversations 256 (298 application session rows) 

Student messages 4,231 (2,526 voice; 1,705 text) 

Tutor-arm weekly surveys 97 responses from 32 students 

Instrumented typed turns, Weeks 11–12 621 

Note. Field period July 1–August 5, 2026; post-study usage excluded. Conversations, messages, application sessions, and billed 
units have distinct denominators. 

Post-test completion was 32/52 in the tutor arm and 19/34 in holdout. The retained assessment sample 
represents 46/86 assigned students (53.5%): 35 did not complete a post-test and five were removed by 
screening. Retention was 29/52 in the tutor arm and 17/34 in holdout. Section 4.2 examines who was 
retained. 

4.2. Attrition and sample composition 

Retained students had higher workbook-baseline scores in both arms: 31.34 versus 25.83 in the tutor 
group and 31.35 versus 25.88 in the holdout group (Online Appendix Table S3). Arm retention rates did 
not differ detectably (Fisher p = .662). Within tutor, retention was 27/38 among users and 2/14 among 
nonusers. Table 6 records these counts. 

Table 6: Retention and observed tutor use by arm 

 Tutor arm: 
retained (n = 29) 

Tutor arm: not 
retained (n = 23) 

Holdout: retained 
(n = 17) 

Holdout: not 
retained (n = 17) 

Students, n 29 23 17 17 

Used the tutor at least once, n 27 11 — — 

No recorded tutor session, n 2 12 — — 

Note. Retained assessments passed the recorded duration and effort screens. Tutor-use counts concern the offered arm. 

The historical Inverse Probability Weighting (IPW) estimate was +6.52. Identifier-linked full-cohort 
weights yielded +6.54 (HC1 95% CI [2.20, 10.88]). Under monotonic retention, unadjusted Lee point 
bounds were [2.51, 5.53] for paired completers and [2.45, 5.18] after screening. Approximate imputation 
across all 86 students yielded block-outcome estimates of +3.37 (95% CI [−1.47, 8.22]) using a pre-test 
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reference and +5.04 [−.24, 10.32] using a block reference. These distinct sensitivities and their 
assumptions are detailed in Online Appendix Section M. 

4.3. Recorded interaction differed substantially across modes 

Observed voice sessions had greater student turn density, more questions, and longer messages, with 
similar engaged time per completed week (Table 7). Exact paired sign tests assess the direction of 
individual differences; the table displays the corresponding process summaries. 

Table 7: Paired interaction measures 

Measure Voice Text n Within-student direction / p 

Engaged minutes per completed 
week 27.5 28.0 32 14 voice, 17 text, 1 tie; .72 

Student turns per conversation 
minute 1.34 0.75 32 31/32 higher in voice; < .001 

Accumulated questions per student 11.3 4.6 32 25/32 higher in voice; .002 

Words per student message 23.7 16.1 34 28/34 higher in voice; < .001 

Student median raw reply gap 
(seconds) 27 54 27 26/27 faster in voice; < .001 

Note. n is paired students. Available-case coverage differs by measure. Sign-test p-values concern individual directions rather 
than the displayed means. Questions are accumulated counts, and raw reply gaps include different activities in the two modes. 

In the separate 27-student paired process sample, voice turn density exceeded text density for every 
student, and classifier-labelled substantive density was higher for 26 of 27 (Figure 5). Classifier-labelled 
activity increased alongside total activity. Online Appendix Section F describes the samples, 
classifications, and aggregation. 

 
Figure 5: Student-by-student paired turn densities in the separate process sample in text and voice. Left: all dialogue turns (27 of 
27 higher in voice). Right: classifier-labelled substantive turns (26 of 27 higher in voice). The archive sample differs from the 32-
student behavioral contrast in Table 7. 
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Raw student-level median reply gaps were 27 seconds in voice and 54 in text (Figure 6). The appendix 
reports playback-adjusted voice gaps and text pre-keystroke/composition intervals. Negative adjusted 
voice gaps reflect overlap or playback-estimation error. Faster spoken replies and longer pre-keystroke 
pauses in text are the pattern the text-facilitation account predicts (Section 2.3). 

 
Figure 6: Tutor-to-student raw turn intervals from the paired process display. The plot rounds student medians to 27 seconds in 
voice and 54 seconds in text (27 paired students). These intervals combine tutor output and student reply timing, rather than 
directly measure thinking effort or system latency. 

Completion ran in the opposite direction from turn density. In the final-week subgroup, 17 of 18 text 
opportunities but only 9 of 12 voice opportunities were completed under completion-dependent 
assignment, a pattern we return to in Section 5.4. The within-student text-pause analysis for Weeks 11–12 
was not estimable: no student in the eligible panel had usable text intervals in both weeks. 

4.4. Stated preference and experience 

Weekly experience surveys yielded 97 deduplicated, week-labelled responses from 32/52 tutor students. 
Holdout coverage was 27/34 students with 121 finished records; absent week labels prevent student-week 
counts. Weekly tutor preference means were −.21, +.05, +.11, +.69, and +.29 showing a steady rise in 
willingness to use. Among 27 repeat respondents, 12 moved toward voice, 10 were unchanged, and five 
moved toward text. 

These preference trajectories describe respondents under the alternating-mode regime. The mode served 
in a given week may influence that week's rating, and the process, preference, and assessment samples 
overlap only partially, so the combined pattern does not show that students who preferred voice learned 
more with it. 

4.5. Assessment performance 

Mean gains were 15.1 points in tutor and 11.4 in holdout. On the same 46 students and outcome, adding 
blocks changes the conditional comparison: pre-test-only OLS gives +3.56/55 (95% CI [−.43, 7.54], 
p = .079); block-adjusted OLS gives +6.63 [1.95, 11.31] (p = .007). Adjusted Hedges’ g is .48 and .90, 
respectively, with approximate bootstrap intervals [−.001, 1.08] and [.29, 1.62]. A coefficient-preserving 
leverage-adjusted sensitivity gave an HC3 interval of [1.72, 11.54] for the block estimate (Online 
Appendix Section M). 

Table 8 reports the assessment estimates, and Figure 7 displays total-score and written-depth estimates on 
their original scales. 
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Table 8: Assessment estimates 

Contrast and outcome Estimate 95% interval Raw p 

H1: access, total /55, pre-test adjustment +3.56 [−0.4, +7.5] .079† 

H1: access, total /55, plus blocks +6.63 [+1.95, +11.31] .007*** 

Access, short-answer component /25 +2.86 [+0.14, +5.6] .040** 

Access, multiple-choice component /30 +0.88 [−1.5, +3.3] .46 

Depth: share SOLO ≥ 3 +.221 [+.02, +.42] .029** 

Depth: mean SOLO level +.391 [+.01, +.77] .046** 

H2: voice minus text, Weeks 8–9 (prioritized), 
subscore /11 −.079 [−1.103, +.944] .875 

H2: voice minus text, five-week platform panel −.006 [−.616, +.604] .985 

H3 (exploratory): access by higher-order Bloom +.06 [-.10, +.21] .48 

H4 (exploratory): gain per completed week +2.00 [+.37, +3.6] .018** 

Note. Historical access and depth intervals use OLS errors. Post hoc Holm p-values for block-adjusted H1 and two depth 
outcomes are .021, .058, and .058, using rounded OLS values. H4 concerns self-selected completion.  

Retaining the effort-excluded assessment yielded +5.52 (OLS p = .052); alternative-provider scoring 
yielded +5.22 (p = .044). Access estimates depend on adjustment, screening, and scoring. 

Pre-test-adjusted component estimates were +2.86/25 for short answers (95% CI [.14, 5.58], p = .040) and 
+.88/30 for multiple choice [−1.51, 3.28] (p = .46). These no-block models do not decompose block-
adjusted total performance or establish a difference between components. At post-test, 46% reached the 
multiple-choice maximum. 

Council-scored relational-quality shares on written responses rose from 8% to 49% with tutor access and 
from 8% to 27% in holdout (Figure 8). The adjusted depth coefficients are positive (Table 8); under the 
post hoc Holm correction both depth endpoints fall at p = .058. Online Appendix Section D reports 
provider-panel sensitivities and Section H the multiplicity calculation. 
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Figure 7: Access estimates and 95% intervals on their original outcome scales. Total-score estimates vary with adjustment; the 
written-depth estimates have post hoc Holm-adjusted p-values of .058 and .058. 

 
Figure 8: Council-scored written-answer SOLO distributions by arm and administration. The share reaching relational quality or 
above increased from 8% to 49% in the tutor arm and from 8% to 27% in holdout. 

Turning to modality, the directly randomized Weeks 8–9 contrast, the prioritized H2 estimate, was −.079 
points out of 11 (95% CI [−1.103, +.944], p = .875; 29 students). The five-week platform-assignment 
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panel gave −.006 (95% CI [−.616, .604], p = .985), and the attended-weeks and all-week-calendar panels 
were likewise near zero (Online Appendix Table S1; Figure 9). 

No panel detects a voice advantage. The prioritized Weeks 8–9 estimate is imprecise: its interval admits 
differences of about one point of 11 in either direction. The weekly SOLO contrast also showed no 
detected difference (p = .99). 

Figure 9 displays the four modality contrasts. 

 
Figure 9: Voice-minus-text course-week assessment contrasts on the 0–11 scale. Points and bars show estimates and 95% 
intervals. Weeks 8–9 preserve the initial randomized calendar comparison and are the prioritized estimate; later platform 
assignment depends on prior completion. 

In sum, access estimates are positive and specification-sensitive; H2 is not supported; and the exploratory 
H3 interaction between access and item cognitive demand is not significant. 

4.6. Exploratory associations 

Within the tutor arm, each additional completed week was associated with +2.00 points of gain (95% CI 
[.37, 3.6], raw p = .018). This H4 coefficient describes self-selected completion rather than a causal dose 
response. 

The within-student association between turn density and course-week subscore was −.20 points per 
additional turn per minute (p = .63). Across students, voice–text differences in density and subscore 
correlated at r = −.16 (p = .41). More turns did not predict higher weekly scores, within or across students: 
dialogue volume is not a proxy for learning in this setting. 
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4.7. Convergent evidence from the instructor’s midterm and final 

Both course-total models use all 86 students (Table 9). The midterm access contrast was +1.32 percentage 
points (HC1 95% CI [−1.91, 4.55], p = .418); the final was +2.57 [.12, 5.01] (p = .040). Final HC3 
inference gives p = .068. Among the 46 retained study-assessment students, the final estimate was +2.53 
[−1.27, 6.34] (HC1 p = .18). The full-cohort final broadens outcome coverage on a distinct instrument. 

Table 9: Instructor-course midterm and final access contrasts 

Instrument and sample Estimate 95% interval Raw p 

Midterm /100, all assigned (n = 86) +1.32 [-1.91, +4.55] .42 

Final /100, all assigned (n = 86) +2.57 [+.12, +5.01] .040 

Final /100, retained sample (n = 46) +2.53 [-1.27, +6.34] .18 

Note. Exploratory ANCOVAs adjust for workbook study pre-test and ability blocks, with HC1 errors. Both instruments are 
normalized to 0–100; estimates are percentage points. Full-cohort and retained final samples overlap. 

The course-final result is directionally consistent with the positive study-assessment access estimates and 
provides convergent evidence on a distinct instrument. The weekly-check contrast was +.91 (p = .45). 
Item-level analyses yielded a final access-by-higher-order interaction of +8.91 points of item credit (95% 
CI [.97, 16.86], raw p = .028, secondary-family q = .084), compared with a midterm interaction of -3.89 
(95% CI [-8.65, .86], p = .11). The final interaction rests on two higher-order items and remains 
exploratory (Online Appendix Table S2). 

4.8. Observed delivery expenditure 

Field-period provider billing totaled $562.59: $413.46 for voice and $149.13 for text, a total-bill ratio of 
2.77. Recorded billing volumes were 1,880 connected voice minutes and 9,038 text messages, averaging 
$.220 per minute and $.0165 per billed message. Billed text messages use a different unit from the 1,705 
student text messages in the dialogue corpus. 

Table 10 reports billing units and totals. Across both modes, expenditure was $10.82 per offered tutor 
seat, $14.81 per active user, and $3.91 per completed student-week, using 52 seats, 38 active users, and 
144 completions. 

Table 10: Observed delivery expenditure 

Cost measure Voice Text 

Billing unit Connected minute Message 

Recorded volume 1,880 minutes 9,038 messages 

Average billed cost per unit $0.220 $0.0165 

Field-period expenditure $413.46 $149.13 

Weekly expenditure, rounded dollars 64 / 94 / 91 / 103 / 62 28 / 28 / 37 / 25 / 31 

Note. Total expenditure was $562.59, including $390.88 in recorded LLM charges (69.5%). Expenditure per offered seat, active 
user, and completed student-week was $10.82, $14.81, and $3.91 across both modes. 

These amounts exclude development, integration, instructor labor, and institutional overhead. The 2.77 
total-bill ratio compares observed bills at different exposures. 
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5. Discussion 

5.1. Summary of findings against the competing accounts 

We  organize discussion around three main findings. First, offering the structured AI tutor was associated 
with better performance on the study post-test, greater written-answer depth, and a higher instructor's 
final across the full cohort, with no detected midterm difference. Gain per completed week also increased. 
H1, H3 and H4 are supported. Second, voice changed the form of student practice: sessions had roughly 
twice the turn density, more than twice the accumulated questions, and longer messages, with similar 
engaged time. Third, we detected no voice advantage on weekly assessments in the directly randomized 
contrast or the sensitivity panels, and more voice turns relative to text did not predict higher scores within 
or across students. H2 was not supported. 

Read against Table 1, the modality findings are consistent with text facilitation, possibly reinforced by the 
shared visual channel. Social agency predicts that a speaking tutor raises engagement and, through it, 
learning; the participation half appeared, while the assessment advantage was not detected. The 
production effect predicts a memory advantage for content students voiced; none was detected, although 
the weekly subscores are a coarse test of it. The effort to produce text predicts longer formulation pauses 
and less interaction frequency compared to voice interaction yet does not create a voice learning 
advantage. The pattern resembles that found by Litman et al. (2006) and D'Mello et al. (2011) with 
constrained dialogue systems, now in a generative AI tutor used repeatedly over a course. 

5.2. Interpreting the access effect 

The treated condition evaluates tutor availability, structured activity, feedback, and incentives alongside 
existing course resources. Additional practice is a plausible explanation for the positive estimates. The 
written-depth findings are consistent with explanation and justification. The instructor’s final and 
midterm supply distinct course instruments. Control treatments that actively promote practice and give 
feedback independent of AI would test which configuration elements contribute most to learning 
outcomes. 

5.3. Interpreting the dialogue and assessment pattern 

Recorded participation differed in rhythm and extent between voice and text. Greater turn density, more 
questions, and longer messages show increased participation. Whether that participation involved 
constructive reasoning depends on the content of the contributions and the feedback that followed; voice 
transcripts also contain fillers, restarts, and spoken elaboration that inflate word counts without adding 
content. ICAP research directs attention to explanations, connections, and revisions as evidence of 
constructive activity that might differ between voice and text (Chi et al., 1994; Chi & Wylie, 2014). 

Three features of the design plausibly explain the dialogue–assessment pattern where we observed no 
voice advantage. First, typing encourages ideation before submission, while speech supports immediate 
response production (D'Mello et al., 2011): the median typed reply followed a 26-second pre-keystroke 
pause, whereas playback-adjusted spoken replies followed the tutor's turn within a few seconds. If 
composing an answer supports learning, text provides a formulation opportunity whose contribution may 
differ from spontaneous speech. Second, both modes supplied readable explanations through the 
transcript and blackboard, so visual support relevant to multimedia modality effects (Ginns, 2005; Mayer 
et al., 2001) was held constant rather than varied. Third, the language model received transcripts rather 
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than audio and could not respond directly to intonation or affect. These are plausible readings of the 
design; the process–score associations do not identify which mechanism applies. 

5.4. Preference, completion, and sustained voice use 

Student preferences moved toward voice through Week 11, then declined. Final-week completion was 
9/12 voice opportunities and 17/18 text opportunities under completion-dependent assignment. Quiet-
space requirements, survey nonresponse, or novelty could explain this divergence; the data do not 
distinguish them. Preference and sustained use warrant separate measurement. 

6. Implications for research and practice 
For instructors and instructional designers, the practical lesson is to evaluate the structured practice 
offered by a tutor separately from its interaction channel. A tutor that requires an attempt before 
explaining, asks one question at a time, and ends with a transfer task can be configured in either mode. 
This study detected no assessment advantage from adding voice. Designers can specify attempts, 
justifications, graduated hints, and application checks, inspect dialogue against those requirements, and 
align assessments with the reasoning the tutor asks for. A workflow comparison and a fidelity audit would 
establish which elements carry the access effect. 

For institutions deciding whether to pay for voice, the relevant comparison combines assessed 
performance, participation, accessibility, and cost. At this deployment's prices and exposures, voice 
billing was 2.77 times text billing, with roughly double the dialogue density, similar engaged time, and no 
detected assessment advantage. Institutions can offer voice as an option where it serves accessibility or 
engagement needs rather than assume a test-score return from making it the default. Those potential 
benefits require direct evaluation; the final-week completion pattern also suggests monitoring sustained 
use rather than inferring it from early preference. 

For researchers and developers, the shared transcript and blackboard are features to vary next: a voice-
only arm without visual support would test whether the shared channel attenuates modality differences. 
Native speech-to-speech models that process audio directly would test whether responding to intonation 
and affect changes the comparison. Evaluation should pair such contrasts with human-coded explanation 
quality, continued use without incentives, and billing aligned with exposure. 

7. Limitations and Future Research 
First, selection and estimation: 46 of 86 students entered the study-assessment analysis, with higher 
baseline performance among retained students in both arms. IPW requires correctly modeled observation 
probabilities and conditional exchangeability; reported HC1 errors hold estimated weights fixed. Lee 
point bounds require monotonic retention and are neither full-cohort nor block-ANCOVA bounds. 
Approximate imputation uses different baseline scoring, block conventions, and donors from the primary 
analysis; both full-cohort total-score intervals cross zero. Sparse blocks and covariance choice affect 
inference.  

Second, measurement: short-answer scores rest on automated grading, and tutor feedback on response 
structure could favor the format those graders reward. Provider agreement does not detect a shared 
grading bias. Multiple-choice performance is constrained by a post-test ceiling, three-item course-week 
subscores provide limited coverage, and variant difficulty and balance were not independently verified. 
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The process classifier has not been validated against human coding, reply intervals include different 
activities in each mode, and tutor playback is estimated. 

Third, the modality comparison: the initial sequence was randomized, but assignment depended on 
completion from Week 10, and alternation, review, and preview permit carryover across topics. The 
results therefore describe weekly differences within an alternating regime, not sustained voice-only or 
text-only tutoring, and the prioritized Weeks 8–9 estimate is imprecise. The shorter-window priority 
reflects the present analysis; its pre-specification is not documented.  

Fourth, scope: the study concerns one voluntary, incentivized graduate-course deployment using a 
transcript-based speech pipeline. Demographic responses were unavailable, preventing composition, 
coverage, and arm-balance assessment. Instructional fidelity, finance-content accuracy, ASR accuracy, 
and end-to-end latency were not audited. Timing and volume do not measure reflection, cognitive load, 
social presence, or affect. 

The take-home final was unsupervised and showed a ceiling. It does not isolate unaided retention or long-
term follow-up. The midterm occurred during intervention but covered course material from the first half 
not covered by the tutor. Final inference depends on covariance choice. Costs exclude implementation 
and instructional labor. 

Future studies should use active-practice controls, registered assessment rules, direct fidelity measures, 
and sustained-mode comparisons. Order-sensitive analyses can separate sequence and carryover; broader 
institutional coverage and attrition-aware power calculations can establish when voice justifies its cost. 

8. Conclusion 
Offering the structured AI tutor was associated with higher post-test scores and greater council-scored 
written-answer depth, with a positive access contrast on the instructor's final across all 86 assigned 
students. The retained study-assessment estimates vary with specification; the full-cohort final provides 
convergent evidence from a distinct instrument. Voice sessions had roughly twice the dialogue density of 
text sessions and more question-asking, while no weekly assessment advantage was detected and dialogue 
volume did not predict performance. Pooled expenditure was $3.91 per completed student-week, and 
observed voice billing was 2.77 times text billing. 

The findings are consistent with benefits from offering the structured practice bundle, while the modality 
pattern extends earlier dialogue-tutoring evidence to a generative AI tutor. Institutions can offer voice 
where it serves an evaluated access or engagement need, without assuming additional learning gains. An 
incentivized active practice control would test the contribution of instructional configuration, and a 
speech-native tutor that processes audio would test whether the modality pattern changes. 
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