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Abstract. One-on-one human tutoring is among the most effective ed-
ucational interventions, yet cost and staffing constraints limit scalability.
Hybrid human—AT tutoring, in which students work in math learning soft-
ware while receiving as-needed one-on-one (1:1) support from a remote
human tutor, offers a promising alternative. Yet, its effectiveness, and
the role of how much and how well tutoring is delivered, remain under-
characterized. We examine whether variation in the quantity and quality
of remote human tutoring is associated with students’ in-platform learn-
ing progress and external assessment outcomes. Using tutoring records,
platform logs, prior achievement, and end-of-year assessments from two
U.S. middle-school implementations (IXL: N=203; MATHia: N=157),
we examine tutoring dosage, sustained sessions (>1 minute), and, for
the transcript-available site, LLM-derived dialogue quality ratings. Re-
gression models show that more frequent sustained tutoring sessions are
positively associated with in-platform math progress after controlling
for prior achievement, although the strength and robustness of this as-
sociation vary across sites and model specifications. In the transcript-
available site, LLM-derived tutoring rating explains additional variation
in in-platform progress beyond dosage. However, neither dosage nor di-
alogue quality shows robust direct associations with external test scores
after accounting for prior achievement and class-level heterogeneity, un-
derscoring the need for cautious interpretation of observational dosage
estimates.

Keywords: One-on-one human tutoring - Hybrid human-AI tutoring -
Software learning progress - K-12 mathematics education.
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1 Introduction

Personalized mathematics software is now used by millions of learners interna-
tionally, reshaping how instruction is delivered and studied at scale [RIT2I30].
Prior work has found that students’ software-based progress is often positively
associated with external performance measures. For example, large-scale obser-
vational analyses of the IXL software platform report that schools using IXL
outperform non-IXL schools on state assessments, and students who master
more skills per week tend to show greater test score gains [2]. Similarly, within
MATHia, students who complete more practice workspaces tend to perform bet-
ter in subsequent Algebra I courses, particularly among those with lower pre-test
scores [34128]. These findings are primarily correlational, and may reflect dif-
ferences in student ability, engagement, or instructional context. Evidence from
randomized controlled trials provides a more nuanced picture. For instance, eval-
uations of MATHia (Cognitive Tutor) have demonstrated positive but hetero-
geneous effects on student achievement [27], while a recent randomized study
of IXL found significant improvements on diagnostic assessments but not on
state accountability exams [I0]. Recent large-scale analyses of computer-assisted
learning in real-world settings similarly highlight that the effectiveness of such
systems depends critically on usage intensity and implementation context [12].
Taken together, these results suggest that while in-software progress is often
predictive of learning outcomes, it may not consistently translate into broader
academic performance. This variability highlights the need to understand what
additional supports or contextual factors help convert software practice into ro-
bust learning gains, motivating a growing body of work in this area [I7/5/6].

One increasingly common instructional context is the integration of one-on-
one (1:1) human tutoring alongside Al-driven mathematics software, often re-
ferred to as hybrid human—AT tutoring [31]. Hybrid human-AT tutoring provides
the opportunity for rich, systematic data streams (e.g., tutor-student transcripts,
interaction logs, and fine-grained timing information) that were largely unavail-
able in earlier intelligent tutoring system studies [I7]. One-on-one tutoring with
a human tutor is widely recognized as one of the most effective interventions
in education [3320]. Prior studies have found that 1:1 or small-group tutoring
can dramatically improve student achievement. A meta-analysis of dozens of tu-
toring programs found an overall average positive effect on learning outcomes,
indicating substantial gains [26]. These effects were stronger when tutors were
professional teachers or paraprofessionals (as opposed to volunteers or parents)
and when tutoring was delivered during the school day [26]. These impressive
results underscore the potential of 1:1 tutoring to accelerate learning.

Despite the known benefits of 1:1 human tutoring on student learning, it is
very costly to implement and difficult to scale [I4/19]. Hybrid human-AT tutor-
ing poses a solution to alleviating some of the cost [7J3T] by offloading some
support to an Al math software tutor. Such an approach also offers potential
scalability given the ubiquitous use of math software in schools [I5]. Relatively
little is known about how human tutoring and Al tutor software-based learn-
ing may relate in such settings. Prior work establishes that making progress
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in math software correlates with better test outcomes [2], and that tutoring
on its own produces gains [26129]. Prior hybrid tutoring models may alternate
between scheduled human-led sessions and separate software-based instruction
(e.g., Saga Education [3]). In contrast, we study a drop-in support model in
which students work continuously in Al-based software while human tutors pro-
vide brief, opportunistic 1:1 assistance, a lower-intensity setting that may yield
different relationships between human tutoring dosage and outcomes. This more
closely resembles classroom “over-the-shoulder" support, as explored in prior
work on teacher attention and orchestration tools such as Lumilo [I], where
instructors dynamically allocate attention across students. Understanding how
tutoring functions in this lower-intensity, opportunistic setting is critical, as it
differs substantially from high-dosage or scheduled tutoring models.

Moreover, joint human tutoring and Al tutoring have shown positive ef-
fects on students’ AI tutor software progress. For example, Thomas et al. [31]
found that the addition of human tutoring significantly improved both student
engagement (as measured by time on task) and learning progress (e.g., skills
mastered) across multiple implementation sites and AI platforms, compared to
students receiving Al-only instruction. Gurung et al. [I3] found that the benefits
of human—AlI tutoring were especially effective for lower-performing students in
outcomes compared to similarly performing peers who received only Al tutoring.

However, it remains unclear under what conditions combining 1:1 human
tutoring with AI tutoring yields consistent improvements, and how to opti-
mize such interventions. In particular, stakeholders are interested in understand-
ing how variation in 1:1 human tutoring dosage is associated with subsequent
software-based learning progress and performance on formal assessments in real-
world implementations. Because tutoring was allocated in part based on student
need rather than randomly assigned, we do not estimate causal effects. Instead,
we use observational learning analytics models to characterize robust patterns
of association across two implementation contexts, while controlling for prior
achievement and class-level heterogeneity where possible. This design allows us
to examine not only whether students who receive more tutoring make more
progress, but also whether the quality of tutor-student dialogue, as measured
from full-session transcripts using an LLM-based rubric, explains additional vari-
ation beyond dosage alone.

In this paper we address this gap by analyzing a hybrid human-Al tutoring
intervention to examine how variation in tutoring time, session frequency, and
dialogue quality are associated with learning. We operationalize each student’s
human tutoring dosage as both the total number of 1:1 human tutoring sessions
and the total minutes of 1:1 human tutoring. We also measure each student’s
AT tutor math progress (skills proficient or workspaces mastered in the tutoring
software) and their external assessment scores. Studying human tutoring dosage
in real-world settings presents several challenges: tutoring is not randomly as-
signed, students with greater need often receive more support, and interactions
vary widely in duration and purpose. We therefore adopt an observational ap-
proach and focus on characterizing associations under these constraints. Using
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a series of regression models, we aim to answer the following research questions

(RQs):

RQ1. How is tutoring dosage, measured by total tutoring time and session fre-
quency, associated with students’ in-software math learning progress?

RQ2. Does LLM-derived dialogue quality explain additional variation in in-software
progress beyond tutoring dosage and prior achievement?

RQ3. Are tutoring dosage and LLM-derived dialogue quality associated with ex-
ternal standardized test performance after accounting for prior achievement
and class-level heterogeneity?

2 Related Work

Human Tutoring and Math Edtech Synergy There is extensive evidence that
individualized tutoring is effective. A systematic review of K—12 tutoring trials
found consistent positive impacts on learning [26]. High-quality programs (often
using certified teachers or well-trained tutors) yield larger gains than volunteer
programs or after-school efforts [14U26]. For example, evaluations of Saga Edu-
cation’s in-school tutoring found tutored students (where 2 students work with
1 tutor) improved their reading percentile rank and scores [I8]. However, nearly
all prior work treats tutoring as a fixed “dose” and does not extensively explore
how variation in the amount of tutor time matters.

To leverage technology for scale, recent initiatives have paired human tutors
with math software. Saga’s high-dosage model alternated small-group tutoring
with computer-assisted learning (CAL); in a large randomized trial, students in
this model gained about 0.23 SD on a standardized math test, almost as much as
in Saga’s traditional 2:1 tutoring, while reducing per-pupil cost by 30% [4]. Com-
plementing this, recent learning analytics work has begun to examine how human
support interacts with student engagement in digital environments. For example,
Borchers et al. [5] analyze fine-grained interaction data and show that teacher
visits are temporally associated with reduced disengagement in Al-supported
math learning. Other research has compared blended to software-only tutoring:
a quasi-experimental study of middle-school students found the hybrid human-Al
group outperformed a group using only Al-tutoring [13]. In that study, the addi-
tion of modest human support (~weekly 1:1 Zoom sessions) led to significantly
higher learning growth (approximately 0.36 grade levels) relative to software-
only students. Thomas et al. [31] similarly report that adding human scaffolding
to an Al tutor increased students’ software usage and proficiency. Together, these
studies show that tutoring supplemented with technology can support learning,
but prior work has not jointly examined tutoring dosage and dialogue quality
within hybrid human—AT tutoring.

Tutor Attention and Spatial Analytics A separate line of work has examined
how teachers allocate attention in classrooms with AT tutors [2212524123/T6IT7].
For example, Karumbaiah et al. performed a spatiotemporal analysis of teacher
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behavior in an Al-enabled math classroom [I7]. In that study, researchers de-
fined teacher visits as episodes when a teacher stays physically close to a student
while the student uses an Al tutor. They found that teachers are highly engaged
and these visits do provide immediate benefits (e.g., students reduce off-task
behaviors). However, teachers inevitably could not reach every struggling stu-
dent, suggesting the limits of in-person attention. In a related study using a
smart-glasses “awareness” tool, Karumbaiah et al. [16] measured three multi-
modal attention signals: gaze fixations, use of an analytics “deep dive” feature,
and physical visits. They found that teachers’ use of the deep-dive analytics tool
was most strongly associated with students’ learning gains (after accounting for
student ability and tutor logs), whereas mere proximity visits had weaker or
even mixed effects. These findings illuminate how teachers notice student needs
in real time, but they do not quantify the overall amount of tutoring attention
each student receives nor its impact on outcomes. This work characterizes at-
tention at fine granularity, but does not link total human tutoring dosage with
student outcomes.

LLM-Based Instructional Quality Assessment Large language models (LLMs)
have demonstrated increasing capability for analyzing instructional interactions,
from classroom discourse to tutoring dialogues. For example, Long et al. showed
GPT-4 achieved 90%+ inter-coder agreement with human experts on middle
school mathematics classroom transcripts [21], while Demszky and Liu demon-
strated that NLP-based feedback on tutoring quality improved instructor up-
take by 10-13% across 1,136 teachers [II]. However, applications to tutoring
quality assessment remain under-investigated: Tran et al. achieved Quadratic
Weighted Kappa of 0.63-0.77 on the Instructional Quality Assessment frame-
work using few-shot prompting at the utterance level [32], while Whitehill and
LoCasale-Crouch approached human inter-rater reliability by combining LLMs
with bag-of-words features [35]. Most directly relevant, Thomas et al. exam-
ined hybrid MATHia-human tutoring with 585 middle school students but did
not assess tutor quality variation [3]; their quasi-experimental study found sig-
nificant positive effects on in-platform proficiency, with lower-achieving students
benefiting most and time-on-task increasing from 24 to 33 minutes weekly. Exist-
ing LLM research focuses on validating automated coding against human raters
or demonstrating that feedback improves practice, not on linking LLM-derived
quality scores to learning outcomes.

3 Design Context & Methods

3.1 Data

We analyzed two datasets from U.S. middle-grade schools implementing hy-
brid human-AT tutoring in regular mathematics instruction. All procedures were
IRB-approved; data were collected under standard school consent protocols, de-
identified prior to analysis, and included opt-out provisions where applicable.
Tutoring sessions were conducted in a shared-attention format, where each tutor
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Fig. 1. Distributions of cumulative tutoring time and session counts per student across
the two sites.

was assigned to multiple students (typically 4-6, varied by contexts). Tutors ro-
tated across breakout rooms, providing brief, individualized assistance as needed.
Students could also request help (e.g., via hand-raising), which influenced tutor
prioritization. As a result, recorded tutoring “session time" reflects time in which
support was available, rather than continuous one-on-one interaction.

At School 1, 203 students across grades 6-8 participated in weekly online
math classes integrating IXLE| usage with remote 1:1 human tutoring delivered
via Zoom breakout rooms. The program launched in late September 2024 and
operated on a rotating schedule, such that students attended hybrid tutoring on
different days each week. The dataset includes weekly IXL activity logs (e.g.,
dates, skills attempted, proficiency status), detailed 1:1 tutoring durations, and
standardized assessments: a Spring 2024 state test used as a pre-diagnostic, and
an end-of-year (EQY) state test in Spring 2025. In-software learning progress
was assessed as the count of math skills proficient during using the software.

At School 2, 157 students participated in a parallel weekly hybrid tutoring
program beginning in September 2024, combining MATHiaﬁ usage with remote
1:1 human tutoring during 40-minute class sessions. MATHia logs captured fine-
grained student interactions with workspaces, including timestamps and mastery
indicators, while separate logs recorded the duration of each 1:1 tutoring session.
Available assessments included a Spring 2024 state test as a pre-diagnostic, and
an EQY state test in Spring 2025. In-software learning progress was assessed as
the count of workspace mastered during using the software.

Quantifying Tutoring Scores of Full-Session Tutor-Student Dialog in School 2
We include an LLM-derived session-level tutoring quality score as a covariate
to account for variation in instructional quality across human tutoring sessions.
This score was derived from a separate, under-review study using a large lan-
guage model (Gemini-2.5-pro [9]) to evaluate full-session tutoring transcripts.
The assessment pipeline employs a two-stage prompting process: an opportunity
prompt identifies pedagogically relevant moments (e.g., student errors or correct
attempts, expressions of confusion, student questions, and productive struggle),

® https://www.ixl.com/
S https://www.carnegielearning.com /solutions /math /mathia
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and an evaluation prompt assesses the tutor’s response to these moments against
evidence-based best practices. The prompting rubrics were derived from human-
coded guidelines and validated in a separate study, where LLM-derived tran-
script scores were associated with independent tutor-training performance and
expected improvements in pedagogical behaviors over time. Each identified in-
stance receives a binary quality score (O=ineffective, 1=effective). Session-level
scores are computed by aggregating across up to six identified opportunities per
session, yielding an overall score in the range [0, 6]. Transcripts were generated
from Zoom recordings using Whisper and merged with synchronized chat logs.
Tutoring transcripts were only available for School 2, and therefore LLM-derived
rating measures are included only for that site.

3.2 Implementation Context and Potential Confounds

The data come from real-world hybrid human—AT tutoring implementations, pro-
viding natural variation in tutoring dosage but no random assignment. Students
receiving more tutoring may differ systematically from others; we mitigate this
by controlling for prior achievement and class fixed effects, but results remain
associational. Need-based allocation is partly by design — students with lower
pre-test scores were often prioritized for proactive tutoring — and naive associ-
ations may therefore underestimate or even reverse true dosage effects. Tutoring
dosage varied substantially across students: at School 1, cumulative tutoring
time averaged 50.6 minutes (SD =42.1) with mean 3.1 sessions, reflecting a 6-
day rotating schedule with week-to-week variability; at School 2, averages were
122.0 minutes (SD =90.3) and 11.1 sessions. These structural differences moti-
vate separate site-level analyses throughout.

3.3 Analytical Framework

Let 4 index students, Y; denote sum of students’ in-software math learning
progress, measured via cumulative proficiency (School 1) or mastery (School
2) metrics. Let Z; denote EQY standardized external assessment performance.
We define student-level tutoring exposure variables aggregated across the study
period: (7) (T3;): total 1:1 tutoring duration, (i) (.S;): number of tutoring sessions,
and (47) (Q;): average LLM-derived tutoring rating.

All external test outcomes are standardized (z-scores on grade level) to facil-
itate interpretation in terms of standard deviations. Math progress in software,
dosage-related covariates are log transformed. Tutor quality score is z-normalized
in multivariate/adjusted models. All analyses are conducted separately by site
using one row per student. Tutoring dosage, in-software progress, prior achieve-
ment, tutoring quality, and external assessment outcomes are aggregated to
student-level features before modeling. Extended models include class fixed ef-
fects to account for shared classroom, schedule, and implementation differences.
We fit linear regressions with cluster-robust standard errors grouped by class ID.
We report all three dosage operationalizations rather than selecting a single post



8 G. Gao et al.

hoc “best" predictor, and emphasize patterns that are stable across model spec-
ifications. Model diagnostics did not indicate severe violations of linear-model
assumptions; nevertheless, estimates remain associational because tutoring was
not randomly assigned.

Dosage—Outcome Associations (RQ1) We use correlational linear regres-
sion models that relate summary-level 1:1 tutoring exposure to in-software learn-
ing progress. Let Y}, denote in-software learning progress for student ¢ in workspace
w. We estimate:

Y = Bo+ B1Di + Bo Py + €, (1)

where P; is a pre-test (baseline achievement) measure. Let D; denote a
summary-level measure of tutoring dosage for student ¢. The key dosage re-
gressor D; is substituted across specifications:

1. Tutoring duration: D; = T; (total minutes of 1:1 tutoring),

2. Session count (all sessions): D; = S; (number of 1:1 tutoring sessions),

3. Session count (at least 1 minute): D; = SZ'™" where SZ"™" counts
only sessions with duration > 1 minute. This specification is included to
exclude extremely short or potentially not meaningful interactions (e.g., brief
check-ins or logging artifacts) and better capture sessions with substantive
instructional engagememﬂ

We report models adjusted for prior achievement by adding P;.

Incremental Role of LLM-Derived Tutoring Rating (RQ2) To evaluate
what extent LLM-derived tutoring rating explains variation in learning progress
beyond tutoring dosage alone, we extend the baseline model:

Yi = Bo + Bi{Ti, Si, SZ ™ ™ Y pest + 52Q; + B3P + € (2)

where we report the most powerful covariate among T}, S;, S='™" in the
model. Improvements in model fit quantify the additional explanatory contribu-
tion of tutoring quality.

Relationships to External Academic Outcomes (RQ3) Finally, we relate
cumulative tutoring experiences across workspaces to external standardized test
outcomes:

Zi = Bo + Bi{T;, S, SiZhnin}best + B2Q; + BsPi + &5 (3)

" Sensitivity analyses using 30-second, 2-minute, and 5-minute thresholds confirm that
the main findings are robust to this choice for both in-software progress (School 1:
B = 0.28-0.45, all p < 0.044; School 2: 8 = 0.19-0.53, all p > 0.10) and external
exam scores (all p > 0.40 in School 1; all p > 0.43 in School 2 with the exception of an
isolated significant negative estimate at the 2-minute threshold, which we attribute
to subsample composition)
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4 Results

4.1 Dosage—Outcome Associations (RQ1)

For regressions adjusting for pre-test scores, in School 1, associations between
human tutoring dosage and progress remain robust after adjustment, including
total tutoring duration (8 = 0.14, p < 0.001) and session count measures (all
sessions: f = 0.37, p < 0.001; sessions > 1 minute: 5 = 0.37, p < 0.001).
Pre-test scores are also positively associated with progress but do not attenuate
dosage effects. In School 2, pre-test scores explain a substantial share of variance
in progress (R? =~ 0.43-0.46). After adjustment, total tutoring duration and
overall session count are not significant, while session frequency restricted to
sessions lasting at least one minute remains positively associated with progress
(8 =0.68, p=10.004).

Summary across contexts Overall, associations between human tutoring dosage
and in-software progress vary by instructional context. In School 1, both tutoring
time and frequency are consistently associated with greater progress, whereas in
School 2, where prior achievement dominates, only sustained tutoring interac-
tions (sessions > 1 minute) show a reliable association. These results suggest that
effective operationalizations of human tutoring dosage, and their relationship to
learning, may differ across platforms and student populations.

Model Fit and Robustness (RQ1). The baseline models account for human tu-
toring dosage and prior achievement only, yielding R? = 0.09 (School 1) and
R? = 0.46 (School 2). Extending these models with class fixed effects, grade
level, tutoring quality rating (School 2 only), and weeks of platform usage (Ta-
ble [1)) substantially improves fit in both settings (R? ~ 0.39-0.40 for School 1;
R? =~ 0.70-0.73 for School 2). In School 1, the dosage association is positive and
significant across all three operationalizations: session count (>1min; 8 = 0.42,
p = 0.006), unrestricted session count (8 = 0.41, p = 0.025), and log instruc-
tion duration (8 = 0.10, p = 0.033). Grade proficiency emerges as a strong
positive predictor across all models (8 =~ 0.09-0.11, p < 0.001), while pre-test
score is consistently non-significant (p > 0.60), suggesting that classroom-level
curriculum difficulty accounts for much of the variance previously attributed to
prior achievement. In School 2, none of the three dosage operationalizations
reach significance in the extended models (session count >1min: 5 = 0.53,
p = 0.259; unrestricted session count: 5 = 0.53, p = 0.259; log duration:
8 = 0.01, p = 0.955). Pre-test score remains a strong positive predictor across
all specifications (8 =~ 0.21-0.22, p < 0.001).

4.2 Incremental Role of LLM-Derived Tutoring Rating (RQ2)

We examine to what extent LLM-derived tutoring rating explains additional
variation in students’ in-software math progress beyond human tutoring dosage
and prior achievement. This analysis is conducted in School 2 (MATHia). The
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Table 1. Regression of in-software math progress on human tutoring dosage and
covariates.

School 1 (IXL) School 2 (M ATHia)

Predictor S1 S2 Dur. S1 S2 Dur.
Human tutoring dosage

Sess. count (>1min) 0.42** — — 0.53 — —

(0.154) (0.470)
Sess. count (all) 0.41~ 0.53
(0.182) (0.470)
Duration 0.10" 0.01
(0.045) (0.141)

Prior achievement

Pre-test score 0.03 0.02 0.03 0.22*** 0.22*** 0.21***
(0.064) (0.066) (0.070) (0.042) (0.042) (0.036)

Other controls

Tutoring quality rating — — — 0.16™* 0.16™** 0.15™**
(0.043) (0.043) (0.035)
Grade level 0.11%** 0.11*** 0.09*** 0.32** 0.32** 0.41"**
(0.011) (0.011) (0.013) (0.093) (0.093) (0.057)
Year—week count -0.03 -0.03 0.03 -—0.03 -0.03 0.02
(0.051) (0.058) (0.037) (0.034) (0.034) (0.023)
Class FEs Yes Yes Yes Yes Yes Yes
R? .397 .393 .384 .710 .710 .704
N 199 199 199 87 87 87
S1 = session count (>1min); S2 = session count (all); Dur. = log instruc-

tion duration. Cluster-robust SEs (class level) in parentheses. fp < 0.10,
*p < 0.05, **p < 0.01, ***p < 0.001. *Base models (dosage only, no class
FEs or extended controls) yielded R? = 0.09 (School 1) and 0.46 (School 2).

inclusion of LLM-derived tutoring quality rating as a covariate in School 2 (Ta-
ble |1)) reveals a consistent and statistically significant positive association with
in-software math progress across all three dosage operationalizations (8 ~ 0.15—
0.16, p < 0.001), independent of session frequency, duration, prior achievement,
grade level, and class fixed effects. This pattern suggests that the quality of tu-
toring interactions carries incremental explanatory power beyond dosage alone.

4.3 Relationships to External Academic Outcomes (RQ3)

We examine whether tutoring-related measures are associated with external as-
sessment performance after controlling for prior achievement. In base models,
prior achievement is the dominant predictor in both schools. Session count is
positively associated with external scores in School 1 (8 = 0.25, p = 0.019)
but negatively associated in School 2 (8 = —0.41, p = 0.036), likely reflect-
ing need-based allocation. LLM-derived tutoring quality shows a small positive
base-model association in School 2 (8 = 0.10, p = 0.044), but this association is
not robust to the extended specifications below.
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Model Fit and Robustness (RQ3). Extended models with class fixed effects and
grade-level controls (Table [2)) raise explained variance from R? = 0.53 to ~0.65
in School 1 and from 0.66 to =0.79 in School 2. Across all six specifications,
no tutoring dosage measure reaches significance in either school, and tutoring
quality rating remains non-significant in School 2 (8 ~ 0.04, p > 0.37) once
class-level heterogeneity is absorbed. Prior achievement emerges as the sole ro-
bust predictor (School 1: 5 & 0.58, p < 0.001; School 2: 8 = 0.41, p < 0.01),
suggesting that neither the quantity nor the LLM-based rating of human tutor-
ing interactions independently predicts external standardized test performance
beyond what students already knew at the start of the year.

4.4 Descriptive Pathways from Tutoring to External Outcomes

To explore whether in-software progress provides a plausible pathway linking
tutoring dosage to external performance, we estimated chained associational
models using session count (>1 minute). Because tutoring was not randomly
assigned, these analyses are descriptive rather than causal mediation tests. In
School 1, session count predicted in-software progress (51 = 0.029, p = 0.001),
while progress was positively but not significantly associated with external scores
(B2 = 0.417, p = 0.105); the implied indirect association was not significant
(Sobel z = 1.23, p = 0.219). In School 2, session count predicted in-software
progress (81 = 0.026, p < 0.001), and progress predicted external performance
(B2 = 0.928, p < 0.001), yielding a significant indirect association (Sobel z =
2.79, p = 0.005). However, the direct association between session count and
external scores was negative (83 = —0.042, p = 0.019), consistent with need-
based confounding.

5 Discussion

This study examined how 1:1 human tutoring dosage and instructional quality
relate to in-software learning and external assessments across two hybrid human—
AT tutoring implementations, contributing to a growing body of work on how
human support complements Al-driven math instruction [SJI3I31]. Rather than
comparing human and Al tutoring, we jointly analyze dosage, sustained inter-
action thresholds, and LLM-derived dialogue quality across two platforms.

Our first key finding is that repeated substantive tutoring sessions (>1 minute)
are positively associated with in-software math progress after controlling for prior
achievement, consistent with the broader tutoring literature showing meaningful
positive effects of 1:1 human support on learning [26J33]. This association held
across multiple dosage operationalizations in School 1, while in School 2 effects
attenuated once class fixed effects were absorbed, possibly reflecting the higher
baseline tutoring intensity at that site and diminishing returns at higher dosage
levels [19]. This context-dependence echoes findings from [I7], who showed that
teacher visits in Al-enabled classrooms provide immediate benefits whose down-
stream impact is moderated by implementation context.
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Table 2. Regression of external exam scores on human tutoring dosage and covari-
ates.

School 1 (IXL) School 2 (M ATHia)
Predictor S1 S2 Dur. S1 S2 Dur.
Human tutoring dosage
Sess. count (>1 min) 0.10 — — -0.14 — —
(0.146) (0.311)
Sess. count (all) 0.12 —0.14
(0.150) (0.311)
Duration 0.02 —0.08
(0.041) (0.108)

Prior achievement

Pre-test score 0.58***  0.57*** 0.58™** 0.41** 0.41** 0.41**
(0.089)  (0.088) (0.090) (0.144) (0.144) (0.150)

Other controls

Tutoring quality rating — — — 0.04 0.04 0.04
(0.047) (0.047) (0.045)

Grade level —0.16"** —0.16""* —0.16"*" 0.06 0.06 0.07f
(0.016) (0.016) (0.020) (0.063) (0.063) (0.037)

Year—week count 0.04 0.03 0.05 —0.02 —-0.02 —-0.02
(0.059) (0.056) (0.046) (0.025) (0.025) (0.023)

Class FEs Yes Yes Yes Yes Yes Yes

R? .647 .647 .646 790 790 791

N 199 199 199 87 87 87
S1 = session count (>1min); S2 = session count (all); Dur. = log instruction

duration. Cluster-robust SEs (class level) in parentheses. fp < 0.10, *p < 0.05,
**p < 0.01, ***p < 0.001. *School 2 models restricted to students with avail-
able transcript data for tutoring quality scoring.

Second, in School 2, LLM-derived tutoring quality explains additional vari-
ation in in-software progress beyond dosage and prior achievement. This ex-
tends work validating automated instructional quality assessment [2IUTTI32]35]
by linking such scores to student learning outcomes, and aligns with evidence
that tutoring effectiveness depends on instructional practice as well as time al-
located [26//33].

Moreover, for external standardized assessments, prior achievement domi-
nated across all specifications, and neither dosage nor tutoring quality showed in-
dependent direct effects once class-level heterogeneity was absorbed. This aligns
with prior evaluations of MATHia and IXL reporting stronger effects on curriculum-
aligned measures than on state accountability exams [27/10], and with large-scale
analyses of computer-assisted learning highlighting the sensitivity of effects to
outcome measurement [I2]. Descriptive pathway analyses further suggest a plau-
sible pattern in which tutoring dosage is more directly associated with software
mastery gains, which are in turn associated with external performance, consis-
tent with the chained learning hypothesis advanced by [28I34]. However, because
tutoring was not randomly assigned, these pathways should not be interpreted
as causal mediation. The competitive descriptive pathway pattern in School 2 —
where a significant negative direct association coexists with a positive indirect
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association — likely reflects need-based confounding, a well-documented chal-
lenge in observational tutoring research whereby students receiving more support
are those struggling most [17].

Limitations and Future Work. This study is observational, so results should be
interpreted as associations rather than causal effects. Unmeasured factors such
as student motivation, attendance, and need-based tutor allocation may bias
dosage estimates. LLM-derived quality scores were available only for School 2
and reflect session-level aggregates rather than moment-to-moment instructional
decisions. We also lack participant feedback or qualitative implementation data
from students and tutors, limiting interpretation of why particular interactions
were more or less productive. Future work should use stronger causal designs,
richer multimodal interaction data, and longer-term follow-up.

6 Conclusions

This study provides an observational learning analytics account of hybrid human—
AT tutoring across two middle-school mathematics implementations. Repeated
substantive tutoring sessions were generally associated with greater in-software
progress, though this pattern varied by site and model specification. In the
transcript-available site, LLM-derived dialogue quality explained additional vari-
ation beyond dosage and prior achievement. However, neither dosage nor dia-
logue quality showed robust direct associations with external standardized test
scores once prior achievement and class-level heterogeneity were included. Future
work should use stronger causal designs and richer qualitative or multimodal
evidence to examine when platform-proximal progress translates into broader
assessment gains.
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