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Abstract. High-impact (human) tutoring and computer-based Al
tutors are widely recognized for their effectiveness in supporting learn-
ing. However, human tutoring is costly and difficult to scale, whereas
AT tutors vary widely in their ability to adapt to students’ academic
and motivational needs. Our study presents a formative evaluation of a
year-long implementation of virtual human-AI tutoring during the class-
room use of Al tutors. Using year-long log data and standardized state
tests, we examine the real-world impact of human-Al tutoring through
measures of learning both within the AI tutor and on external standard-
ized assessments. Through propensity score matching, we compare 356
seventh-grade students who received human-AI tutoring with 317 from
the previous school year who received Al-only tutoring. The human-
AT group demonstrated significantly higher growth and was 0.36 grade
levels ahead by year’s end. Although there was no overall difference in
state test scores, we found a significant interaction between human-Al
tutoring and time-on-task (i.e., Al tutor use). For each standard devia-
tion (3.26 h) increase in Al tutor use, the human-Al group improved by
0.28 standard deviations on state tests, compared to 0.06 for the Al-only
group. This finding suggests that human tutors enhance the benefits of
AT tutors, with gains increasing with time-on-task. Our findings replicate
prior studies on human-Al tutoring over a longer time scale, spanning an
entire school year. An important insight of this work is that students’ Al
tutor usage data, particularly time-on-task, can serve as a valuable indi-
cator of learning progress as well as a measure for identifying students
in need of additional support to fully benefit from AT tutors.
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1 Introduction

High-impact tutoring is well-documented for its effectiveness in improving stu-
dent learning outcomes [14,28,29]. The National Student Support Accelerator
(NSSA) defines high-impact tutoring as a structured form of instruction, deliv-
ered one-on-one or in small groups, that supplements students’ classroom expe-
riences and targets specific learning goals!. However, human tutoring presents
significant challenges in terms of scalability and cost. As Bloom [7] observed, one-
on-one tutoring is “too costly for most societies to bear,” prompting researchers
to explore scalable instructional methods that can approximate its benefits.

This challenge has driven ongoing efforts to develop scalable tutoring alterna-
tives. One prominent approach has been the development of Al tutors (e.g., Intel-
ligent Tutoring Systems (ITS), Computer Assisted Learning Platforms (CALP)),
which aim to replicate the benefits of human tutoring in a more scalable and
cost-effective manner. Notable examples include Cognitive Tutor [4], AutoTu-
tor [18], and ASSISTments [20]. Like human tutoring, ITS has been shown to
enhance student learning, with multiple meta-analyses confirming their effec-
tiveness [8,25,35]. VanLehn’s meta-analysis further suggests that ITS, in certain
contexts, can be as effective as human tutoring (see [35]).

While Bloom’s 2-sigma effect 7] over “traditional instruction” remains the
aspirational benchmark, recent efforts have built on VanLehn’s [35] findings by
exploring hybrid tutoring approaches that combine the automation and scal-
ability of AI tutors with the cognitive and motivational support of human
tutors [1]. In human-Al tutoring, human tutors provide personalized instruc-
tional and motivational support, while ITS ensures consistent, adaptive feedback
and hints. Studies comparing virtual human-AI tutoring with Al-only tutoring—
already a strong baseline given the efficacy of ITS—have shown that incorpo-
rating human tutors further enhances student engagement and learning out-
comes [12,34]. Notably, initial research has found that human-Al tutoring can
double gains in math test scores [12] and significantly improve student engage-
ment and performance within AT tutors [34]. The benefit of human-ATI tutor-
ing reported in [34] is particularly striking, as it was achieved through virtual
tutoring by undergraduate tutors, demonstrating a potential solution for scaling
human-AT tutoring.

In our study, we build on prior evaluations of human-Al tutoring conducted
over a few months [12,34] by examining its feasibility across an entire school
year. We conduct a formative evaluation of an at-scale implementation to exam-
ine the real-world impact of virtual human-Al tutoring. Specifically, we assess
how virtual tutoring by undergraduates influences measures of learning within
the AI tutors. Additionally, we also evaluate whether these effects extend beyond
the Al tutors to improvements in state test performance. To achieve this, we
employ a quasi-experimental approach with propensity score matching, com-
paring students who received human-Al tutoring with those from the previous

! NSSA Report: https://studentsupportaccelerator.org/sites/default /files/Higg Im
pact _Tutoring Definition.pdf.
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academic year at the same school who received Al-only tutoring. This study
aims to address the following research questions:

RQ 1. What are the impacts of human-Al tutoring on within-tutor measures of
learning, compared to Al-only tutoring?

RQ 2. Do the effects of human-Al tutoring transfer to learning outcomes, as
measured by standardized tests?

2 Background
2.1 Human Tutoring

Adaptive and personalized instructions from human tutors have consistently led
to better learning outcomes than conventional classroom instruction [14,19,19].
The effectiveness of human tutors is often attributed to their ability to provide
cognitive, motivational, and adaptive instructional support [2,35].

VanLehn’s meta-analysis (see [35]), comparing ITS and human tutors, sug-
gests that the success of human tutors stems from monitoring students’ learning
processes, identifying misunderstandings, and providing immediate feedback and
scaffolding. The immediate feedback helps tutors address uncertainty in the stu-
dent response, correct errors, and provide clarification [16,17] whereas scaffolding
allows tutors to offer structured support that strengthens reasoning and grasp
complex concepts [11,13].

Despite the well-established efficacy of high-impact human tutoring, the
widespread adoption is hindered by scalability and cost constraints. Kraft and
Falken [24] estimate the annual cost of high-impact tutoring in the United States
at approximately $1,002 per K-12 student. Scaling this approach would require
nearly 15 million tutors to support ~49 million K-12 students, highlighting the
feasibility challenges. Field experiments suggest even higher costs, ranging from
$3,500 to $4,300 per student annually, depending on factors such as tutor exper-
tise, group size, and session length [15,19].

2.2 Intelligent Tutoring Systems

From early on, researchers have tried to automate the benefits of human tutor-
ing using Al-powered tutors. ITSs, in particular, use the estimation of students’
mastery to tailor personalize adaptive instructional support and learning expe-
rience [8,25]. VanLehn’s [35] meta-analysis suggests that ITSs are capable of
performing at the same level as human tutors, offering a promising solution to
the scalability challenges associated with human tutoring.

ITSs have been deployed across diverse educational domains, including math-
ematics [2,4,20], physics [23,33], writing [18,26], and programming [27]. Over
time, advancements in I'TSs have increasingly focused on automating adaptive
feedback and scaffolding to narrow the gap between ITSs and human tutors.
These advancements have been leveraged by commercial platforms, such as
MATHia [4] and ALEKS [9], to deliver tutoring at scale.
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Similarly, large-scale adaptive tutoring platforms, such as IXL? and i-Ready?,
have integrated select ITS features to provide instructional support to a larger
student population. For instance, in 2022-2023, i-Ready (the system used in our
study) served approximately 11 million K-8 students in the U.S. at an annual
cost of $30 per student per subject [5]—a fraction of the cost of human tutoring.

2.3 Human-AI Tutoring

Human-AT tutoring offers a balanced approach by integrating the cognitive and
motivational support of human tutors with the scalable, data-driven instruc-
tion of ITSs [1]. Based on individual student needs, human tutors provide
personalized feedback and scaffolding, while ITSs ensures continuous, adaptive
instructional support. This hybrid model seeks to combine the strengths of both
approaches while maintaining scalability and cost-effectiveness.

Prior implementations have demonstrated the effectiveness of human-
AT tutoring in improving student learning outcomes on tests, compared to
propensity-matched students who did not receive human-AI tutoring [12]. Addi-
tionally, prior studies have found that human-AT tutoring enhances student out-
comes within AT tutors [34]. These findings attest to the effectiveness of human-
AT tutoring in both in-person [12] and virtual [34] settings. With costs ranging
from $397 to $700 per student [12,34], human-Al tutoring offers a more feasi-
ble alternative to the cost of high-impact tutoring ($3,500 to $4,300) [19]. As
such, the effectiveness, lower costs, and flexibility make human-Al tutoring a
promising and sustainable instructional model.

Thomas et al. [34] suggest that human-AT tutoring enhances student learning
by increasing opportunities, leading to higher lesson completion and mastery.
This effect results from a combination of adaptive Al tutor-driven instruction and
personalized human tutor support [1]. As students receive targeted assistance
and real-time feedback, they solve more problems and engage with progressively
challenging content. The conceptual framework proposed by Thomas et al. [34]
is illustrated in Fig. 1.

Human-AI Increased Lesson Higher
[ tutoring ’ Zl> [ opportunities } Zz> [ completion ] ?

Fig. 1. Access to human-Al tutoring influences student engagement, which in turn
improves student performance and leads to higher achievement [34].

Thomas et al. [34] found that students receiving human-Al tutoring had
higher time on tasks (engagement), completed more problems (progress), and
mastered more skills (achievement) than their peers receiving Al-only tutoring.

2 https://www.ixl.com/.
3 https://www.curriculumassociates.com/programs/i-ready.
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This effect was observed across three different sites using different Al tutors, i.e.,
MATHia, i-Ready, and IXL.

In our study, we extend prior research demonstrating the feasibility of human-
AT tutoring for improving student learning within ITS [34] and on standard-
ized tests [12]. While these prior studies report on the short-term benefits of
human-AT tutoring, the current study evaluates its effectiveness on a year-long
implementation. Specifically, we examine its impact within-tutor and out-of-
tutor measures of learning.

3 Methods

We use a quasi-experimental design with propensity score matching to compare
human-AI tutoring with Al-only tutoring. For RQ1, we examine the effect of
human-AT tutoring on within-tutor measures of learning in i-Ready (Fig.1).
Next, we evaluate whether these improvements in i-Ready translate to better
performance on standardized state tests (RQ2).

3.1 Dataset

The dataset contains iReady* data for Grade 7 students from a school in the
U.S., collected during the 2022-2023 and 2023-2024 school years in the U.S.
There were 402 students in the first year and 446 in the second. The dataset
includes i-Ready diagnostic scores, state test scores for Grade 6 (pre) and Grade
7 (post), and demographic information. The sample was 50.6% female and 49.4%
male, with 65% Hispanic, 17% Asian, 9.5% African American, 5.7% White, and
2.64% other races. Additionally, 13.5% received Special-Ed services, 87.5% were
socioeconomically disadvantaged, and 18% were English Language Learners.

The i-Ready data includes detailed logs at the student, lesson, problem, and
attempt levels. In both academic years, students used i-Ready as part of their
regular math curriculum. The only major instructional change in 2023-2024
was the introduction of virtual tutors, who provided virtual tutoring support
on Mondays. All data collection procedures followed ITRB-approved protocols,
ensuring ethical data handling and student privacy (Table 1).

Table 1. Student data from two consecutive academic years where students received
Al-only or human-AT tutoring.

Academic Year Tutoring Type Teachers (N) Classes (N)/Students (N)
2022-2023 ITS (AT only tutoring)3 12 402
2023-2024 Human-ATI tutoring 4 14 446

4 https:/ /i-readycentral.com /articles /middle-school-3/.
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3.2 Personalization in I-Ready

In i-Ready, a student’s math proficiency is estimated using a computer-adaptive
diagnostic test [36] administered at the start of the school year. This test helps
ensure students are assigned content appropriate to their skill level. Lessons
typically conclude with a Quiz Module that assesses mastery of the topic. These
quizzes are developed using Item Response Theory to provide precise mastery
estimates. Students who pass (with a score above 64%) progress to the next
lesson, while those who do not may be required to redo the lesson or complete
additional prerequisite content. As students demonstrate mastery and complete
more lessons, they are assigned increasingly advanced material. Thus, an increase
in the grade level of assigned lessons reflects growth in mathematical ability.
Learning in i-Ready is therefore measured through student performance (i.e.,
passing) on lesson quizzes and the grade level of the assigned lessons.

3.3 Human-AI Tutoring

The tutors were undergraduate students from a U.S. university, trained on tutor-
ing strategies to identify and address student needs, such as social-emotional
learning, advocacy, and relationship building [10]. While students could access i-
Ready at any time, both groups used it during a designated period, on Mondays,
during which the human-AI group received virtual tutoring via Zoom.

Students on Zoom were randomly assigned to individual breakout rooms,
whereas tutors were assigned a set of rooms, maintaining a 1:4 tutor-to-student
ratio. Tutors rotated among rooms in a round-robin fashion to monitor progress
and provide support. Although the class period was 40 min, tutoring sessions
lasted approximately 28-32min, depending on the school’s bell schedule and
classroom context. Given this rotation model, each student typically received
about 5-8 min of one-on-one human tutoring per session.

3.4 Study Design

Propensity Score Matching: We used full PSM [31] to estimate the effects
of human-AT tutoring compared to Al-only tutoring. This approach improves
the validity of the comparison by balancing covariates, reducing selection bias,
and enhancing effect estimates [22,31]. We applied logit distance with calipers
set at 0.1 standard deviations (SD) to ensure strong matches. We use student-
level covariates, including gender, ethnicity, SES, ELL status, special education
status, and i-Ready diagnostic score. The i-Ready diagnostic scores were used
over prior state test scores to account for potential summer learning loss.®.

Post-matching, we assess balance using the absolute Standardized Mean Dif-
ference (|]SMD|) [6,32]. SMD measures the standardized difference between group
means, providing a scale-independent metric for comparing covariate distribu-
tions. An |[SMD]| below 0.1 indicates minimal imbalance, and 0.1-0.2 suggests
moderate imbalance requiring review, risking biased estimates [6].

5 The student’s Grade 6 state scores and their performance on the fall i-Ready diag-
nostic tests were strongly correlated (Pearson’sr = 0.81,p < 0.001).
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3.5 Longitudinal Evaluation of Human-AI Tutoring

For (RQ1), we adopt the conceptual framework proposed by Thomas et al.
[34] (Figure 1) to evaluate the impact of human-AT tutoring on engagement and
within-tutor measure of learning (pass percentage and lesson grade level).

1. Engagement: Monthly student time on task in i-Ready, including both time
spent with and without support from human tutors in the human-ATI group.

2. Performance: Lesson pass percentage represents the proportion of lessons
students pass each month.

3. Achievement: Grade level indicates the average grade level of lessons stu-
dents worked on each month and serves as a proxy for student proficiency.

For student ¢ in month j, we model student outcomes (Y;;), as a function
of human-AT tutoring (X/}*°"), the month of the school year (X2°"™"), their
interaction, and student-level variance (u;) as shown in Eq. 1.

Y;j _ ﬁO 4 ﬁlXitjgtor + ﬁ2X;}10nth + ﬁS (X;;}ltor . Xir;lonth) + uj + €ij (1)

3.6 Impact of Human-AT Tutoring on State Test Performance

For RQ2, we first assess the impact of human-Al tutoring on student perfor-
mance in standardized state tests (Eq. 2). We then extend the analysis to examine
whether its effects vary by prior performance and time on task (Egs.3 and 4).
Since motivational and instructional support from human tutors can augment
the benefits of student engagement, we investigate whether the effectiveness of
human-Al tutoring varies with students’ level of engagement.

For student 7, we model their state test score (Y;), as a function of human-AI
tutoring (X "t°r), prior state test score (XP™°"), time on task (X!™m), and their
interactions as shown in Eqgs. 2, 3 and 4.

Y; = Bo+ /i XM + ¢ (2)

Y; = fo + B XM+ BpXPUOT 4 By (X PO XPHT) g 3)

Y; = Bo + B X[+ BpXPUOT 4 By X[
+ ﬂ4(Xitutor . X’Lprior) + 65(Xitutor .Xitime) + €

We estimate the Average Treatment Effect on the Treated (ATT) by using
estimatr package in R to fit a weighted linear regression. The weights are derived
from PSM, where treated units receive uniform weights, and control units are
weighted to achieve covariate balance. Since the control group comes from the
prior year, ATT is the appropriate measure, as it estimates the treatment effect
on the current cohort using a counterfactual based on the prior year’s data.

(4)
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4 Results

4.1 Propensity Score Matching

The results of PSM, as outlined in Sect. 3.4, are presented in Table 2. The dataset
was filtered to only include students who took the Grade 7 state test. A z-score
threshold of (-3, 3) was used to remove outliers based on prior test scores, time
on task, and lessons passed. Full PSM resulted in 319 students from the Al-only
group being matched with 359 students from the human-ATI group.

As described in Sect. 3.4, we use absolute SMD, a standardized measure of
covariate balance, to assess group comparability. Before matching, the imbalance
was minimal (|[SMD| < 0.1) for most factors, with a moderate imbalance in
ELL (|]SMD| = 0.13), gender (|[SMD| = 0.11), and SES (|SM D| = 0.10). Post-
matching, the imbalance was minimal across all factors (|SM D| < 0.05).

Table 2. Results of PSM between Al-only and Human-AI tutoring.

Al-onlyHuman-AITotal (N)
Original Dataset 402 433 835
After pre-processing319 366 685
Matched 319 359 678
Unmatched 0 7 7

4.2 RQ1: Longitudinal Evaluation of Human-ATI Tutoring

To address RQ1, we conduct a longitudinal analysis of the impact of human-Al
tutoring on student engagement and within-tutor measures of learning. While the
start and end months differed, each school year lasted 36 weeks. For consistency,
we define a “month” as a four-week interval from the start of the school year
rather than aligning it with the actual calendar months.

Trend Analysis: The monthly trends in student time on task, pass percentage,
and grade level are illustrated in Fig. 2. Initially, the human-AI group exhibited
higher engagement (Fig.2a), but it declined over time, while engagement in
the Al-only group remained stable. Despite this decline, the human-AI group
performed better (Fig.2b) and achieved more (Fig. 2¢), during the later months
of the school year.

Impact of Human-AI Tutoring: We use linear mixed-effects models, as out-
lined in Sect. 3.5, to assess the impact of human-Al tutoring. The results are
presented in Table 3.

Access to human-Al tutoring significantly increased engagement in the ini-
tial months (5 = 0.31, p < 0.001), with students averaging 1.68h per month in
i-Ready, compared to 1.37h in the AT-only group (intercept). However, engage-
ment declined significantly over time in the human-AI group (8 = —0.08,
p < 0.001), while no such decline was observed in the Al-only group.
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Fig. 2. Visualizing trends in engagement, and within-tutor measures of learning on a
monthly basis (error bars represent 95% confidence intervals).

Initially, the Al-only group had a higher pass percentage than the human-Al
group (8 = —0.05, p = 0.014). However, pass rates declined over time, likely due
to increasing lesson difficulty. This decline was steeper for the Al-only group
(8 = —0.02, p < 0.001), whereas access to human tutors helped mitigate it in
the human-AT group (8 = 0.01, p = 0.004). By mid-year, pass percentages were
higher in the human-AT group than in the Al-only group.

There was no significant initial difference in grade-level between groups (5 =
—0.12, p = 0.186). While both groups demonstrated significant learning over
time, the Al-only group progressed at a rate of 0.16 grade levels per month
(8 =0.16, p < 0.001). In contrast, access to human tutors (5 = 0.04, p < 0.001)
increased the progress of the human-Al group to 0.20 grade levels per month,
i.e., by the 9th month the human-Al group was ahead by 0.36 grade levels.

Table 3. Comparing the impact of human-Al tutoring with Al-only tutoring.

Predictors time on task| pass percentage/grade level

8 SE 8 SE 8 SE
(Intercept) 1.37777 10.03/0.82°"" 0.01  |4.84770.07
human-AI Tutoring 0.317" 0.04-0.05" 0.02  -0.12 10.09
Month —-0.01 0.01-0.02"""0.00  0.16""0.01
human-AI Tutoring x Month-0.08""%|0.010.01"" [0.00  (0.04™7/0.01

*p < 0.05, **p < 0.01, **p < 0.001

4.3 RQ2: Evaluation of Human-AI Tutoring on Learning Outcomes

For RQ2, we examine whether improvements in i-Ready translate to better per-
formance on standardized state tests. Following the methodology in Sect. 3.6, we
estimate the ATT for human-Al tutoring. All features are standardized, allow-
ing estimates to be interpreted in standard deviation (SD). The main effect of
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human-AT tutoring on learning outcomes is presented in Table 4 (model 1). There
was no significant difference in state test scores (6 = —0.04,p = 0.66) between
the human-Al and Al-only groups, despite the human-Al group showing signif-
icantly higher achievement in RQ1.

As part of our formative evaluation, we extend our analysis to investigate the
differential impacts of human-AI tutoring by interacting it with students’ prior
state test scores and time on task in i-Ready. When controlling for prior perfor-
mance and time on task (Model 3 in Table 4), we observed significant interactions
between human-Al tutoring and both total time on task (8 = 0.19,p < 0.01)
and prior performance (6 = —0.15,p = 0.03), indicating that tutoring effects
vary by student engagement and baseline ability. In contrast, time on task had
no significant effect in the Al-only group (8 = 0.05,p = 0.53).

To contextualize these results (Model 3 in Table4), we conducted a two-
sample t-test comparing time on task between the human-Al and Al-only groups.
While the difference was statistically significant (0.77 hours, ¢t = 3.04, p = 0.03),
it only amounted to 1.28 additional minutes of i-Ready usage per week by the
human-AT group. This minimal difference suggests that the observed interaction
effect between human-Al tutoring and time on task is not simply a function of
greater i-Ready dosage and likely reflects qualitative differences in engagement
due to the cognitive and motivational support provided by human tutors.

Table 4. Evaluating the impact of human-AT tutoring on state test scores.

(model 1) ‘(model 2) ‘(model 3)

post test scorepost test scorepost test score
Predictors 1] SE I6] SE I6] SE
(Intercept) 0.02 |0.08 0.01 [0.06 ]0.02 0.06
human-AT tutoring -0.04/0.09 -0.03 0.07 |-0.06 0.07
prior test score — - 0.77°""0.06  10.77"10.06
human-AlI tutoring X prior test score— — -0.11 |0.07 |-0.15" |0.07
time on task — — — — 0.05 0.05
human-AT tutoring xXtime on task |- — — — 0.19" 0.07

*p < 0.05, **p < 0.01, ***p < 0.001

Figure 3 illustrates the relationship between human-AI tutoring and time on
task (Model 3 in Table4). The actual time values are used for interpretability,
and students are categorized as low or high performers using median prior test
scores. Scatter plots display observed scores, while regression lines represent
predicted scores. Figure 3 helps illustrate how the benefits of human-AI tutoring
on state test performance are conditioned on students’ use of i-Ready. For low-
performing students, the crossover point—where human-Al tutoring begins to
outperform Al-only tutoring—occurs at approximately 11 h of total time on task,
compared to around 14 h for high-performing students.
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Fig. 3. Relationship between time on task and state test scores. (Regression lines show
predicted scores whereas scatter plots display observed scores.)

5 Discussion and Conclusion

Human-AI tutoring Improves Student Learning Outcomes in i-Ready.
From our exploration of RQ1, we find that access to human-Al tutoring
significantly enhances student learning outcomes within i-Ready. On average,
students in the human-Al group progressed at a significantly higher rate of
0.2 grade levels per month, compared to 0.16 grade levels per month for stu-
dents in the Al-only group (Table 3). By the end of the 9-month school year, the
human-AT group was ahead by 0.36 grade levels. Similar to Thomas et al. [34],
we find that access to human-Al tutoring improves student learning outcomes
within ITS.

Despite the observed improvements in within-tutor learning, student engage-
ment gradually declined over time (Fig.2a). This may be due to the novelty
wearing off, increasing lesson difficulty, or students learning to disengage while
tutors rotated between breakout rooms. The decline was more pronounced in
the human-Al group, suggesting missed opportunities to sustain engagement
and support continued progress. Given that engagement (time on task) is a key
factor influencing student learning, monitoring engagement and providing timely
support are essential for maximizing the benefits of human-AI tutoring. Prior
research on teaching augmentation tools has demonstrated their potential to
enhance teachers’ ability to identify students and provide timely support to stu-
dents [3,21]. Our findings highlight opportunities to integrate similar tools into
human-Al tutoring environments to improve tutors’ ability to provide timely
motivational and instructional support to students.

Higher AI Tutor Use in the Human-AI Group is Associated with Bet-
ter Performance on the State Test. While we did not observe a significant
average treatment effect on the treated (ATT) for human-Al tutoring (RQ2),
further analysis revealed a significant interaction between tutoring condition and
time on task. One standard deviation increase in time on task (3.26 h) was asso-
ciated with a 0.28 SD (24.27-point) gain in state test scores for the human-Al
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group, compared to only 0.06 SD (5.2 points) in the Al-only group. This suggests
that the benefits of human-Al tutoring are conditioned upon students’ continued
use of the AI tutor.

Aleven et al. [1] posit that cognitive and motivational support from human
tutors—such as providing encouragement, clarifying misconceptions, and con-
necting new tasks to prior topics—can enhance the learning benefits of Al tutors.
Our findings build on this claim by offering nuanced insight into how human
tutoring contributes to student learning. The significant interaction between
time on task and human-AT tutoring (Model 3 in Table 4) suggests that the ben-
efits of human tutoring are contingent upon students’ continued use of the Al
tutor. As shown in Fig. 3, students in the human-AI group with higher time on
task tend to outperform their Al-only peers. In contrast, the absence of a sig-
nificant relationship in the Al-only group further underscores that comparable
levels of Al tutor use, without human support, are not as beneficial to learning.

State Tests May not Fully Capture Learning Gains. One possible expla-
nation for the lack of a main effect on state test performance is that most
students began the year significantly below grade level (i.e., two grade levels
behind). Because standardized tests are designed to assess on-grade-level pro-
ficiency, they may fail to detect progress among students working on out-of-
level content [30,37]. Based on i-Ready grade-level estimates (Table 3), both the
human-AT (6.52) and Al-only (6.16) groups were working on early to mid Grade
6 content prior to the state test. However, the end-of-year Grade 7 assessment
may not fully reflect this difference due to the limited number of items targeting
Grade 6 content, which can reduce the precision of performance estimates for
students working well below grade level.

Our formative evaluation of human-AI tutoring, delivered at approximately
$700 per student, demonstrates that relatively small doses of continuous human
support can meaningfully improve learning outcomes over time. The significant
grade-level gains of the human-Al group (0.36) are especially compelling given
the well-established effectiveness of Al tutors [25,35]. Unlike the NSSA’s recom-
mendation for high-impact tutoring—which emphasizes continuous, in-person
instruction in one-on-one or small-group settings—we implemented an easier-to-
scale virtual tutoring with a round-robin model. Despite these structural differ-
ences, students in the human-Al group learned more within the Al tutor and
also demonstrated stronger transfer to the state test—though this transfer was
observed only among students with higher AT tutor use (time on task).

Our findings present a promising solution to the long-standing tension in
ATED between personalization and scalability. The current approach, though
lightweight, demonstrates the feasibility of combining the individualized support
of human tutoring with the continuous assistance of Al tutors. These findings lay
a strong foundation for rethinking how human-AT collaboration can enhance both
the learning experience for students and the overall effectiveness of Al tutors. As
this model continues to evolve, it offers a path toward more engaging, responsive,
and effective learning environments. These opportunities can be further amplified
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by harnessing the full potential of AIED—through behavioral modeling, teaching
augmentation, improved tutor training, and refined virtual tutoring norms.
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