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Intelligent tutoring systems built on large language models now demonstrate learning
gains comparable to, or exceeding, in-person instruction in general education settings.
These systems rarely address the pedagogical, legal, and psychosocial requirements
of students with documented learning needs, which in the United States are governed
by the Individuals with Disabilities Education Improvement Act of 2004 and parallel
frameworks in other jurisdictions. This article presents a theoretical mapping of the
Teacher in the Loop platform, a design-stage adaptive tutoring system built specifi-
cally for students receiving legally mandated accommodations, to the established lit-
eratures that inform each of its published features. Platform features are grouped into
five theoretical clusters: cognitive and learning theory, disability studies and accom-
modation psychology, affective and behavioral sensing, academic integrity reframed
through authorship, and institutional design with human oversight. For each feature
the article identifies the seminal tradition on which the feature draws, the recent em-
pirical work that validates the feature or a closely related mechanism, and the specific
claims that remain theoretical pending deployment. The contribution is synthesis
rather than efficacy demonstration: a resource that allows designers, researchers, and
policy makers to see whether a platform built for students with disabilities has actu-
ally been grounded in the literatures that govern how those students learn, and where
the remaining evidentiary gaps lie. Limitations, including the absence of deployment
data and the novelty of population-specific adaptive content strategies, are discussed.
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1 Introduction

Recent randomized controlled evidence has begun to
settle a question that dominated educational technology
discussions in the early 2020s. Al tutoring systems,
when designed around established pedagogical princi-
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ples, produce learning gains at or above those of well-
implemented in-person instruction in authentic educa-
tional settings (Kestin, Miller, Klales, Milbourne, &
Ponti, [2025)). These gains hold even when the com-
parison is to an active-learning classroom rather than a
lecture. A separate randomized trial of Al that coaches
human tutors in real time found similar patterns, with
the largest benefits accruing to less-experienced tutors
serving students who were academically behind (Wang,
Ribeiro, Robinson, Loeb, & Demszkyl, 2024).

These findings create a problem for the special edu-
cation field. The students for whom Al tutoring could
plausibly provide the largest marginal benefit, those
who receive legally mandated accommodations under
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the Individuals with Disabilities Education Improve-
ment Act (U.S. Congress, [2004) or parallel frameworks
abroad, are rarely the population these systems were
designed for. Most adaptive tutoring platforms treat
accommodation delivery as an administrative feature
rather than a pedagogical commitment. Invisible deliv-
ery, machine-verifiable audit trails, differential content-
adaptation strategies for heterogeneous neurodivergent
populations, and contractual protections for the human
teachers who anchor the pedagogy are typically absent
from commercial offerings.

The Teacher in the Loop platform (hereafter TITL)
was filed as a provisional patent in October 2025 as an
adaptive Al tutoring system built from first principles
for students with documented learning needs. The plat-
form is currently at design stage, with no deployment
data. This article is therefore a synthesis rather than an
efficacy study. The question it answers is narrower and,
in the author’s view, prior to any efficacy question: for
each of the platform’s published features, what is the
pedagogical or disability-studies literature that supports
the feature, what is the recent empirical work that vali-
dates either the feature itself or a closely related mech-
anism, and which features remain theoretical until de-
ployment?

This question matters because design-stage plat-
forms that claim evidence-based grounding frequently
rely on weak chains of theoretical justification that do
not survive close reading. A platform that claims to op-
erate within a student’s zone of proximal development
(Vygotsky, |1978) must actually implement a mecha-
nism consistent with that claim, and the mechanism
must be distinguishable from the adaptive-difficulty
baseline common to every intelligent tutoring system
since the 1980s. A platform that claims to remove ac-
commodation stigma must address a specific literature
on why students under-use their legally available ac-
commodations (Aquino & Bittinger, [2019). A platform
that claims to protect teacher agency must be mappable
to the teacher-in-the-loop framework as articulated in
the European Commission Joint Research Centre report
and related work (U.S. Department of Education, Office
of Educational Technology, 2023}; |[Fajardo-Ramos, Chi-
appe, & Mella-Norambuena, [2025)).

The present article carries out this mapping across
the published features of TITL, organized into three
groups. Twelve pedagogical features currently imple-

mented or in active development are treated in the main
synthesis. Five features listed in the platform’s public
documentation but not yet implemented are treated in
a dedicated aspirational features section, with the liter-
ature that would ground each when built. Five struc-
tural commitments (hybrid privacy architecture, locally
deployable model option, contractual anti-displacement
clause, compliance-as-byproduct, and default opt-out
for non-essential sensing) are treated in a separate sec-
tion as institutional preconditions under which the ped-
agogical features can operate without triggering the
implementation failures that have characterized prior
special-education technology rollouts. Grouping the
features in this way allows the reader to distinguish
what the platform does from what the platform plans to
do, and to weigh each claim against the research base
appropriate to its implementation status.

1.1 Contribution and Scope

The contribution is a feature-to-literature mapping
that allows three distinct audiences to evaluate the plat-
form on terms they care about. For pedagogical re-
searchers, the article identifies which TITL features rest
on well-supported theoretical and empirical founda-
tions, which rest on novel combinations of established
elements, and which are genuinely theoretical and await
empirical validation. For special education practition-
ers, the article identifies the literatures from which each
feature derives, allowing practitioners to assess fit with
their own professional judgment. For policy makers and
funders evaluating Al tutoring investments under the In-
dividuals with Disabilities Education Improvement Act
compliance framework, the article identifies the legal
and research basis for each design choice.

The article does not claim that TITL is superior to
alternative platforms. It does not present efficacy data,
which do not yet exist. It does not resolve empiri-
cal questions that the platform’s differential content-
adaptation strategy for autism spectrum and attention-
deficit populations is designed to test. The article does
claim that the platform’s feature set, taken as a whole,
represents a defensible synthesis of available research,
and that the gaps in that synthesis are identifiable and
acknowledgeable rather than hidden.
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2 Methodology

The mapping presented here is a narrative synthesis
rather than a systematic review. Each published feature
of TITL, as presented on the platform’s public docu-
mentation at the Real Safety Al Foundation website,
was traced back through three layers. First, the fea-
ture was restated in the language of the pedagogical or
disability-studies tradition that most directly addresses
it. Second, the seminal theoretical source or sources
on which that tradition rests were identified. Third, re-
cent empirical work from 2023 through the first quar-
ter of 2026 was surveyed to identify validation, non-
validation, or cautionary findings relevant to the feature.

Citations included in this article were subjected to
a three-source verification protocol before inclusion.
Where a citation could be independently confirmed
across at least two sources during drafting, it is treated
as verified. Where a citation is plausible and grounded
in the established literature but could not be indepen-
dently re-verified during drafting, it is flagged in the
accompanying bibliography as needing verification be-
fore final submission. Where a citation carries a known
discrepancy (for example, a recent preprint that has not
yet been peer-reviewed), the caveat is stated in the text.

The article deliberately errs toward conservatism in
its claims. Where the mapping between feature and lit-
erature is clean, this is stated directly. Where the map-
ping is theoretically supported but empirically thin, the
gap is identified rather than papered over. Where a fea-
ture does not belong in a pedagogical synthesis, the ar-
ticle says so and addresses the feature elsewhere.

3 Cognitive and Learning Theory Foundations

3.1 Socratic Teaching Engine with Struggle-Aware
Routing

The core instructional engine of TITL never provides
direct answers to student queries. All instruction pro-
ceeds through strategic questioning, analogies, coun-
terexamples, and scaffolded hints calibrated to the stu-
dent’s current understanding. This design draws on two
traditions that have converged in recent Al tutoring re-
search.

The first tradition is the Socratic and construc-
tivist line that runs from Bloom’s two-sigma problem
(Bloom, |[1984)) through the human tutoring analyses
of |Chi, Siler, Jeong, Yamauchi, and Hausmann| (2001)

and the intelligent tutoring meta-analyses of |VanLehn
(2011)). Bloom’s original finding, that one-to-one tu-
toring produced learning gains approximately two stan-
dard deviations above conventional classroom instruc-
tion, motivated four decades of attempts to approximate
individual tutoring at scale. The core mechanism, re-
peatedly identified in this literature, concerns the in-
structor’s moment-to-moment calibration of question,
hint, and feedback to the individual learner’s current
state rather than the content being delivered. Systems
that fail to implement this calibration, regardless of con-
tent quality, consistently underperform.

The second tradition is the post-2022 empirical vali-
dation of this mechanism in large language model tu-
tors. |Kestin et al.| (2025) conducted a randomized
controlled trial in an undergraduate physics course
at Harvard, comparing a custom-designed Al tutor
(TeachGPT) built on explicit pedagogical best practices
to a well-implemented active learning classroom. Stu-
dents using the Al tutor learned significantly more in
less time, reported higher engagement, and reported
higher motivation. The design of the tutor is the critical
point. Kestin et al.[(2025) did not deploy a generic con-
versational model. They engineered a tutor around the
same pedagogical best practices that informed their in-
class lessons, including growth mindset framing, cog-
nitive load management, critical thinking support, and
personalized feedback. The finding is therefore condi-
tional: Al tutoring engineered around established ped-
agogical principles works, which is a narrower claim
than "AlI tutoring works."

TITL’s Socratic engine operationalizes this finding in
a special education context. The engine does not sim-
ply refuse to give direct answers. It calibrates question
difficulty and scaffolding type to the student’s current
state, using non-invasive behavioral signals rather than
performance on high-stakes items. The engine’s design
also draws on productive failure research, discussed in
Section 3.3, which argues that premature scaffolding
can suppress the generative struggle that produces deep
conceptual change (Kapur, 2008, 2016)).

The mapping strength here is high. The theoreti-
cal foundation is canonical, the empirical foundation
is a rigorously designed 2025 RCT, and the specific
operationalization (Socratic engine calibrated to indi-
vidual state) is the mechanism Kestin et al.| (2025) ex-
plicitly identified as responsible for the observed gains.
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The novelty of TITL lies not in the engine itself (So-
cratic tutoring is prior art across most major Al tutoring
platforms) but in the special-education-first design con-
straints imposed on the engine.

3.2 Dynamic Cognitive Load Adjustment

TITL adjusts difficulty and pacing continuously
based on the student’s current cognitive state, with the
explicit goal of maintaining the student within the zone
of proximal development. The theoretical foundation
for this feature draws on two distinct traditions that
are frequently conflated in educational technology dis-
course.

The first is Vygotsky’s zone of proximal develop-
ment, defined as the cognitive space between what a
learner can do independently and what the learner can
do with assistance from a more capable peer or in-
structor (Vygotsky, [1978)). The second is the scaffold-
ing metaphor introduced by |Wood, Bruner, and Ross
(1976)), which Vygotsky himself never used. The dis-
tinction matters for a pedagogical mapping article be-
cause the two concepts, though complementary, de-
scribe different mechanisms. The zone of proximal de-
velopment describes a region; scaffolding describes the
support structures that allow a learner to traverse that
region. A platform that claims to operate within a stu-
dent’s zone of proximal development must specify both
the region (how it is detected) and the scaffolding (how
the support adjusts).

The third theoretical contribution comes from cog-
nitive load theory as developed by [Sweller| (1988)) and
extended in |Sweller, van Merrienboer, and Paas| (1998)
and [Paas and van Merrienboer| (2020). Cognitive load
theory distinguishes intrinsic load (the inherent diffi-
culty of the material), extraneous load (the difficulty
added by the instructional presentation), and germane
load (the productive effort of schema construction).
Adaptive systems that reduce only intrinsic load pro-
duce easier learning experiences but not necessarily
better learning. Systems that reduce extraneous load
while preserving intrinsic and germane load produce
better learning outcomes at similar or lower cognitive
cost. TITL’s adjustment logic is designed to reduce
extraneous load (format, presentation, distracting ele-
ments) while preserving intrinsic load (the actual cog-
nitive challenge of the material).

Recent empirical work supports this distinction in

Al tutoring contexts. [Chung, Zhang, Kung, Bastani,
and Bastani| (2026)), in a preprint reporting on an LLM-
guided reinforcement learning approach to personal-
ized problem sequencing, found that personalized diffi-
culty sequences produced post-test gains approximately
equivalent to six to nine months of additional schooling
relative to fixed difficulty sequences, in a five-month
intervention. The preprint status of this work requires
caution in how strongly the finding is claimed. The di-
rection of the effect, however, is consistent with a large
body of prior work on adaptive difficulty in intelligent
tutoring systems.

The mapping strength for this feature is high on the
theoretical side and moderate on the empirical side. The
theoretical foundations are canonical. The empirical
validation in Al-specific contexts is recent and in some
cases still preprint. The TITL implementation is consis-
tent with both layers but has not itself been validated.

3.3 Productive Struggle versus Destructive Frus-
tration Routing

TITL distinguishes between two categories of stu-
dent struggle and routes them differently. Produc-
tive struggle, in which the student is engaged, mak-
ing progress, and generating intuitive approaches to a
problem, is supported with minimal intervention. De-
structive frustration, in which the student is disengag-
ing, spinning, or showing signs of shutdown, triggers a
three-tier intervention cascade: Al hint reframing, then
(in future versions) peer matching, and finally direct
teacher notification with full context of the student’s at-
tempts.

This feature draws on productive failure research
as developed by |Kapur (2008); [Kapur and Bielaczyc
(2012); |Kapur| (2016, 2024). The core finding of pro-
ductive failure research is that students who collabora-
tively attempt to solve complex novel problems with-
out instructional support before receiving instruction
develop deeper conceptual understanding than students
who receive the same instruction first. The mecha-
nism at work concerns the activation of prior knowl-
edge and the generation of intuitive solution ideas dur-
ing the failure phase, which prepares the learner to as-
similate canonical instruction more deeply when it ar-
rives. Failure itself is the setting; prior knowledge ac-
tivation is the engine. The assistance dilemma, articu-
lated by Koedinger and Aleven!(2007), describes the re-
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lated question of when to give and when to withhold in-
structional support. Premature support suppresses pro-
ductive failure; delayed support allows destructive frus-
tration.

TITL’s routing is designed to solve the assistance
dilemma in a special education context, where the
cost of destructive frustration is higher than in gen-
eral education populations. Students receiving accom-
modations have, on average, lower tolerance for un-
resolved cognitive load and lower confidence in their
own problem-solving capacity. An intervention system
that treats all struggle identically will produce either
chronic over-scaffolding (which suppresses learning) or
chronic under-scaffolding (which produces shutdown).
The three-tier cascade attempts to detect the transition
from productive to destructive in real time, using behav-
ioral signals, and escalate support in graduated rather
than binary form.

The theoretical foundation of this feature is strong.
The specific operationalization (three-tier cascade, par-
ticular behavioral signals, specific thresholds) is novel
and has not been empirically validated. The feature is
therefore presented as theoretically grounded but em-
pirically pending.

4 Disability Studies and Accommodation
Psychology

4.1 Invisible Accommodation Delivery

When a TITL student logs in, the platform auto-
matically configures their learning environment to de-
liver accommodations specified in the student’s indi-
vidualized education program, Section 504 plan, or ju-
risdictionally equivalent document, without any visi-
ble indication to the student or their peers. Extended
time, modified presentation, alternative response for-
mats, reading supports, and other accommodations ac-
tivate as system-level defaults rather than as student-
triggered actions.

This feature responds to one of the most robust find-
ings in disability studies. Students with documented
accommodations frequently decline to use them, and
this non-use is particularly pronounced in adolescence.
The driver is stigma rather than ignorance or access.
Aquino and Bittinger| (2019) documented that a sub-
stantial proportion of students with legally established
disability status decline to self-identify in higher ed-

ucation contexts, citing social cost as a primary rea-
son. [Toutain| (2019) reviewed barriers to accommoda-
tion use in higher education and identified stigma and
visibility as among the most significant. Clouder et
al.| (2020) examined neurodiversity in higher education
more broadly and found that neurodivergent students
consistently report accommodation-related social cost
as a barrier to help-seeking.

The theoretical framework within which invisible de-
livery most naturally fits is Universal Design for Learn-
ing as developed by Meyer, Rose, and Gordon| (2014)
and extended in the Universal Design for Learning
Guidelines version 2.2 (CAST), 2018)). UDL argues that
variability in how students perceive, engage with, and
demonstrate learning is the norm rather than the excep-
tion, and that learning environments should be designed
to accommodate this variability from the outset rather
than retrofitted for individual students. |Burgstahler
(2015)) extended this argument to higher education and
institutional practice. UDL has historically been imple-
mented at the curricular level: multiple modalities of
representation, multiple means of engagement, multiple
means of expression. TITL extends UDL to the system
level by making accommodation delivery invisible and
automatic rather than requested and visible.

This extension is the platform’s strongest novel con-
tribution in the disability studies space. UDL as a
framework has typically stopped short of recommend-
ing that individual accommodations be delivered with-
out the student’s explicit engagement, partly because of
concerns about student autonomy and informed consent
in traditional educational contexts. In an Al-mediated
context, where system-level defaults can be configured
transparently in coordination with the student, family,
and individualized education program team, the auton-
omy concern is reframed rather than eliminated. The
student retains the right to know which accommoda-
tions are active; the student loses only the social cost of
being visibly marked as an accommodation recipient.

A recent 2026 Frontiers in Child and Adolescent Psy-
chiatry paper (Marras & Pasqualotto, [2026) raises a
concern relevant to this design. The authors, report-
ing a qualitative study of teachers’ professional rea-
soning about assistive technology and Al in inclusive
classrooms, note that adaptive and generative Al sys-
tems may blur the boundaries between individualized
accommodation and universal design, and that algorith-
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mic inference intersects with pre-existing classificatory
systems in ways that can amplify categorization effects.
The concern is serious and should be addressed directly
rather than deflected. TITL’s invisible delivery archi-
tecture does not eliminate the classification; the classifi-
cation persists in the individualized education program
and in the platform’s delivery logic. What the architec-
ture eliminates is the peer-visible signal of that classifi-
cation during instruction. This is a narrower claim than
full de-categorization and is, in the author’s view, the
defensible claim.

The mapping strength for this feature is very high.
Accommodation non-use due to stigma is among the
best-documented findings in disability studies. UDL is
a mature theoretical framework with broad empirical
support. The specific extension to system-level invis-
ible delivery is novel but traceable to both literatures.

4.2 Differential Content Adaptation for Heteroge-
neous Neurodivergent Populations

TITL implements different content-adaptation strate-
gies for students with autism spectrum presentations
and students with attention-deficit presentations. The
design logic is that autism spectrum presentations, par-
ticularly those characterized by strong preferences for
predictability and sameness, are better served by con-
tent that maintains consistent structure across sessions,
while attention-deficit presentations are better served by
varied content and presentation modalities that sustain
engagement through novelty.

The theoretical foundation draws on executive func-
tion research as articulated by [Barkley| (1997) and ex-
tended in [Diamond (2013), which frames attention-
deficit hyperactivity disorder presentations as a set of
executive function deficits affecting inhibition, sus-
tained attention, and working memory. It also draws
on research on autism spectrum presentations as char-
acterized by different sensory processing profiles and
stronger systemizing preferences (Baron-Cohenl [2009).
The two profiles, while overlapping on many dimen-
sions, have distinct implications for instructional de-
sign.

Recent neurophysiological work provides cautionary
context. [Le Cunft, Giampietro, and Dommett| (2024)
conducted a scoping review of cognitive load measure-
ment in attention-deficit, autism spectrum, and dyslexia
populations and found that the measurement techniques

themselves (electroencephalography, functional mag-
netic resonance imaging, eye tracking) have significant
methodological limitations in neurodivergent popula-
tions, including pupil foreshortening error in eye track-
ing and motion artifact in imaging. The implication for
TITL is that any automated content-adaptation system
that infers cognitive load from behavioral signals will
inherit the measurement limitations of its underlying
signal layer.

The mapping strength for this feature is the weakest
in the paper, and the article presents it as such. The
underlying neuroscience supports differential profiles.
The specific operationalization, a single platform that
switches content-adaptation strategies based on the stu-
dent’s dominant profile, does not yet have direct em-
pirical validation. The feature is presented in this arti-
cle as a theoretically grounded hypothesis that the plat-
form is designed to test, not as an already-validated de-
sign choice. A reviewer would be correct to push back
on any stronger claim, and the platform’s public doc-
umentation should be consistent with the theoretical-
pending-empirical framing rather than overclaiming.

5 Affective and Behavioral Sensing
5.1 Multi-Modal State Detection

TITL infers student cognitive and affective state from
multiple behavioral signals: typing rhythm, mouse
movement patterns, pause patterns, and, where students
and guardians have opted in, facial expression analysis.
The platform does not require any biometric sensor be-
yond a standard laptop or Chromebook camera, and the
platform’s default configuration operates entirely with-
out camera input.

The theoretical foundation draws on affective com-
puting as founded by [Picard (1997) and extended in
a substantial literature on learner affect and engage-
ment detection. |S. D’Mello and Graesser| (2012) and
S. K. D’Mello| (2013)) analyzed the dynamics and rel-
ative incidence of discrete affective states during com-
plex learning. Baker, D’Mello, Rodrigo, and Graesser
(2010) identified that learners spend substantial por-
tions of time in non-engaged states during interaction
with computer-based learning environments, and that
the persistence and impact of those states varies by spe-
cific affective state. The finding that bears most directly
on TITL’s design is that frustration, counterintuitively,
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is often more productive than boredom, but only within
specific bounds.

Keystroke dynamics as a signal for cognitive state
has a mature empirical foundation. Epp, Lippold, and
Mandryk! (2011) demonstrated that keystroke dynam-
ics could identify emotional states in working contexts.
More recent work has extended this to cognitive fa-
tigue and load detection, with reported accuracies in the
range of 72 to 91 percent depending on the specific clas-
sification task. The signals are passively captured, re-
quire no additional hardware, and operate without rais-
ing the privacy concerns associated with camera-based
affect detection.

Camera-based facial analysis is more contested.
Pupil dilation measures are confounded by luminance
and gaze position (Le Cunff et al., 2024). Facial ex-
pression classifiers trained on non-representative pop-
ulations exhibit known accuracy degradation on chil-
dren, non-white subjects, and neurodivergent popula-
tions. TITL’s design default is therefore camera-free
operation, with facial analysis available only as an ex-
plicit opt-in with consent. The article recommends that
the platform’s documentation consistently foreground
the passive-signal layer rather than the camera layer,
both for privacy reasons and for accuracy reasons.

The mapping strength for the passive-signal layer is
strong. The mapping strength for the camera layer is
weaker and should be treated as optional rather than
core.

5.2 Behavioral Biometric Verification

TITL includes a behavioral biometric verification
layer that provides continuous passive authentication
during instructional sessions. The purpose of the layer
is to support academic integrity claims (distinguish-
ing authentic student work from work produced by an-
other person) without introducing intrusive proctoring
or keystroke logging that would raise privacy and dis-
ability law concerns.

The theoretical foundation draws on behavioral bio-
metric authentication research. A recent 2026 paper by
Dutta, Roy, and Roy|(2026)) proposes a quantum kernel
anomaly detection framework for behavioral biometric
authentication that explicitly addresses the problem of
intra-user temporal drift arising from fatigue, cognitive
load, device handling, and contextual variation. The
article notes that behavioral biometric signals are non-

stationary and should be modeled as one-class anomaly
detection problems rather than fixed-distribution clas-
sification tasks. This finding is directly relevant to
the special education context, where intra-session and
across-session variation in student signals is frequently
greater than in neurotypical populations, and where a
biometric system that cannot tolerate this drift will pro-
duce high false-rejection rates for the students the plat-
form is designed to serve.

The mapping strength here is strong on the techni-
cal foundation, moderate on the pedagogical applica-
tion. The feature is primarily an infrastructural protec-
tion against identity substitution in Al-assisted assess-
ment contexts. Its pedagogical relevance is indirect: it
supports the larger claim that Al-assisted work can be
verifiably authentic, which in turn reduces the pressure
to ban Al assistance outright in special education con-
texts where Al is a legally meaningful accommodation.

6 Academic Integrity Reframed Through
Authorship

6.1 Provenance Tracking

Every Al-generated suggestion in TITL is marked
and tracked. Teachers and parents receive a complete
record of which suggestions were offered, which were
accepted, and which were rejected. The purpose is
auditability rather than surveillance: Al assistance be-
comes a documented component of the student’s learn-
ing process, particularly in contexts where Al assistance
is a legally established accommodation.

The theoretical foundation here is thinner than in
other sections because the specific problem, provenance
of Al-generated content in student work, is new enough
that the literature is still forming. The closest estab-
lished tradition is cognitive writing process research as
developed by Flower and Hayes| (1981), which frames
writing as a recursive, planning-translating-reviewing
process rather than a linear output operation. If writ-
ing is a process, then the traces of that process (drafts,
revisions, suggestions accepted and rejected) are a le-
gitimate artifact of the work, and Al-generated sugges-
tions integrated into that process are a component of the
artifact rather than a contamination of it.

This reframing matters for the special education case
specifically. Students with writing-related accommo-
dations frequently use assistive technology as part of
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their legally mandated supports. Traditional academic
integrity frameworks, which tend to treat Al use as bi-
nary (present or absent, permitted or prohibited), cannot
accommodate this reality. Provenance tracking allows a
more granular record: the student used Al in these spe-
cific ways, the Al made these specific suggestions, the
student accepted some and rejected others, the teacher
reviewed the pattern. This is the student’s own proof
of authorship rather than the institution’s proof of non-
cheating.

The mapping strength for the underlying theoretical
claim (writing as process, traces as artifact) is high. The
mapping strength for the specific operationalization in
an Al assistance context is emerging rather than estab-
lished.

6.2 Process Capture as Student’s Proof of Author-
ship

Closely related to provenance tracking, TITL cap-
tures the student’s revision process: drafts, edits, time
between revisions, and the sequence of changes across a
session. The framing is deliberately inverted from typ-
ical surveillance-based academic integrity tools. The
process capture does not exist to catch the student in
dishonesty. It exists to provide the student with ev-
idence that the work is genuinely theirs when ques-
tioned.

This inversion is one of the platform’s most defen-
sible pedagogical moves. Surveillance-based integrity
systems place the burden of proof on the student in ad-
versarial framing: the student must not appear to have
used prohibited assistance. Process-capture-as-proof
places the evidence in the student’s hands in support-
ive framing: the student has documentary proof of their
own engagement with the work. The pedagogical func-
tion is the same (establishing authorship), but the psy-
chological and relational function is different.

The theoretical support here is indirect. Flower and
Hayes’ process model of writing (Flower & Hayes|
1981) supports the claim that the process is a legitimate
artifact. Research on assessment and student agency
supports the claim that students who have evidence of
their own effort exhibit higher academic self-efficacy.
The specific reframing from surveillance to empower-
ment has not, to the author’s knowledge, been empir-
ically tested. The feature is presented as theoretically

coherent and normatively defensible rather than empir-
ically validated.

7 Institutional Design and Human-in-the-Loop
Architecture

7.1 Complete Teacher Control and the Teacher
Dashboard

TITL is not a replacement for a teacher. The plat-
form’s central governance principle is that the human
educator retains pedagogical authority at every level of
the system, with the Al acting as an assistive layer that
extends rather than substitutes for the teacher’s judg-
ment. The teacher dashboard provides real-time visi-
bility into student activity, struggle classification, inter-
vention history, and accommodation delivery.

The theoretical and policy foundation for this design
is explicit and well-developed. The U.S. Department
of Education’s Office of Educational Technology report
(U.S. Department of Education, Office of Educational
Technologyl, 2023) identifies keeping humans in the
loop as a top policy priority in educational Al, grounded
in the Blueprint for an Al Bill of Rights and in educa-
tional tradition. [Fajardo-Ramos et al.| (2025), in a 2025
Frontiers in Education paper on human-in-the-loop as-
sessment with Al in teacher education across Ibero-
American universities, documents the practical imple-
mentation of this principle. [Marras and Pasqualotto
(2026), in the 2026 Frontiers paper already cited, ex-
amines teachers’ professional reasoning about assistive
technology and Al in inclusive classrooms specifically,
and finds that teachers’ interpretive work is the critical
variable in whether Al-based systems produce inclusive
outcomes or categorization effects.

The 2026 Marras and Pasqualotto study raises con-
cerns that TITL must address directly rather than ig-
nore. The authors note that even minor algorithmic mis-
classifications can have disproportionate consequences
for students’ autonomy, perceived competence, and tra-
jectories of inclusion. The mitigation in TITL is archi-
tectural: the Al operates as a suggestion layer rather
than a decision layer, teachers receive full context on
each algorithmic recommendation, and teachers retain
authority to override any system-generated classifica-
tion. This does not eliminate the concern. It constrains
the concern to the zone where teacher judgment is avail-
able as a correction mechanism.
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The mapping strength is very high. Teacher-in-the-
loop is literally the named approach in the European
Commission Joint Research Centre framework, the
U.S. Department of Education report, and the Fajardo-
Ramos et al. and Marras and Pasqualotto papers.

7.2 Three-Tier Escalation with Full Context Hand-
off

When the platform detects that a student has crossed
from productive struggle into destructive frustration, it
initiates a three-tier escalation. Tier one is Al-generated
hint reframing. Tier two, planned for future versions, is
peer matching with a classmate who has recently mas-
tered the relevant material. Tier three is direct teacher
notification with full context: what the student has at-
tempted, what signals triggered the escalation, and what
interventions have already been tried.

The empirical foundation for Al-assisted escalation
to human support is now available. Wang et al.| (2024,
in a randomized controlled trial involving approxi-
mately 900 tutors and 1,800 elementary and secondary
school students, found that Al coaching of human tutors
produced four percentage point gains in student success
and nine percentage point gains for students working
with lower-rated tutors. The cost of the Al coaching
layer was approximately $20 per tutor per year. The
Wang et al. design differs from TITL in important re-
spects. Wang et al. placed Al in a coaching role for hu-
man tutors who were already present; TITL uses Al as
the first-tier responder with human teachers as escala-
tion targets. The common finding, however, is that Al-
human collaboration structures in tutoring contexts pro-
duce gains larger than either human or Al alone would
produce.

The mapping strength is strong. The exact TITL cas-
cade has not been tested, but the general pattern of Al-
human collaboration with context handoft has empirical
validation.

7.3 Parent Portal with Configurable Engagement

TITL provides parents with a dedicated portal show-
ing their child’s daily instructional activity, accommo-
dation delivery verification, and progress toward in-
dividualized education program goals. Engagement
frequency is parent-controlled rather than platform-
pushed. The design is grounded in specific statutory

language.

The Individuals with Disabilities Education Im-
provement Act of 2004 (U.S. Congress, |2004) permits
alternative progress reporting methods with parental
consent.  This provision, frequently underutilized,
transforms parent engagement from a convenience fea-
ture into a compliance mechanism that simultaneously
serves the parent’s right to information and the district’s
obligation to report. The portal therefore functions in
two legal registers at once, and the dual function is
the platform’s contribution on this feature rather than
a novel pedagogical insight.

The broader empirical foundation for parent engage-
ment in special education outcomes is extensive and
will not be recapitulated here. The mapping strength
of the specific feature (a portal grounded in alternative
progress reporting provisions) is high on the legal side
and sufficient on the pedagogical side.

8 Aspirational Features with Established
Literature

The following features appear in TITL’s public docu-
mentation but have not yet been implemented. They are
included here because the pedagogical traditions that
would justify their implementation are well-established,
and presenting them alongside the built features allows
the reader to distinguish the current platform from the
planned platform. Each feature in this section is la-
beled as aspirational and is mapped to the literature that
would ground it when built.

8.1 Peer Tutoring Matching (Aspirational)

The platform’s documentation describes an Al-
optimized peer tutoring matching feature that pairs stu-
dents based on knowledge complementarity and social
compatibility, with the explicit intent of activating the
gains that accrue to the student in the tutor role. This
feature has not been implemented.

The pedagogical tradition it would draw on is
learning-by-teaching research, sometimes termed the
protégé effect. |Fiorella and Mayer| (2013) conducted
two experiments demonstrating that students who pre-
pared materials with the expectation of teaching, and
then actually taught, outperformed students who pre-
pared only for a test, with the learning advantage
strongest on delayed comprehension measures. The
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effect has been replicated across multiple populations
and content domains, with meta-analytic estimates con-
verging on small-to-medium effect sizes for teaching
expectancy alone and medium effects for actual teach-
ing (Fiorella & Mayer, 2013). The mechanism most
strongly supported in the literature concerns generative
processing: students who prepare to teach organize ma-
terial more coherently and integrate it more deeply with
prior knowledge than students who prepare for recogni-
tion or recall.

In a special education context, the peer tutoring fea-
ture would need to address two concerns not present
in general education research. First, accommodation
needs differ across paired students, and matching on
knowledge complementarity alone may produce pairs
in which one student’s accommodation needs are inad-
vertently exposed to the partner. Second, the social cost
findings in |[Aquino and Bittinger| (2019) suggest that
visibility as a tutor or as a tutee carries different stigma
implications for neurodivergent students than for neu-
rotypical populations. A responsible implementation
would therefore need to integrate peer matching with
the invisible accommodation delivery architecture de-
scribed in Section 4.1, and would need to provide ex-
plicit teacher review of all proposed pairings before ac-
tivation. The feature is aspirational and not built.

8.2 Bayesian Knowledge Tracing with Forgetting
Curves (Aspirational)

The platform’s documentation describes a feature
that models probabilistic mastery of each skill compo-
nent and schedules review based on estimated knowl-
edge decay. This feature has not been implemented.

The theoretical foundation is strong and long-
established. Bayesian knowledge tracing as a formal
mechanism for modeling a student’s probability of hav-
ing learned a skill, given a sequence of observed per-
formances, was introduced by (Corbett and Anderson
(1993) in the context of the ACT Programming Tutor.
Their formulation uses four parameters per skill (ini-
tial probability of knowledge, probability of learning on
each opportunity, probability of slip on a known skill,
probability of guess on an unknown skill) and updates
the probability estimate after each student response.
The formulation has been extended, refined, and en-
sembled in the three decades since, but the core Corbett
and Anderson model remains the reference point in the

intelligent tutoring systems literature.

Forgetting curves, the related construct, trace back
to |[Ebbinghaus| (1885)) and have been replicated across
modern laboratory and classroom conditions. The inte-
gration of knowledge tracing with forgetting dynamics
produces a schedule in which review is presented not on
a fixed calendar but at the point where the estimated re-
tention probability for a given skill approaches a thresh-
old below which reinstatement becomes inefficient.

For TITL, the justification for building this feature
concerns the specific profile of students with docu-
mented learning differences. Attention-deficit popula-
tions exhibit consolidation patterns that differ from neu-
rotypical populations, and autism spectrum populations
benefit from explicit review structures that reduce un-
certainty about what will come next (Barkley, |1997;
Baron-Cohen| 2009). A knowledge tracing system that
schedules review based on each student’s own decay
curve, rather than a one-size-fits-all interval, would ad-
dress both of these profiles more directly than fixed-
schedule spaced repetition. The feature is aspirational
and not built. When built, the implementation should be
validated in the target population rather than transferred
from general education tutoring studies.

8.3 Explainable AI with Pedagogical Reasoning
(Aspirational)

The platform’s documentation describes a feature in
which every Al decision includes an educational ratio-
nale, with explanations tailored to the stakeholder (stu-
dent, teacher, parent) receiving them. This feature has
not been implemented.

The theoretical foundation for this feature is the XAl
in education literature, most comprehensively surveyed
in |[Khosravi et al| (2022). The authors argue that ex-
plainability in educational Al has needs distinct from
explainability in other Al application domains, because
educational decisions affect not only the learner’s im-
mediate experience but the learner’s developing sense
of competence and agency. A recommendation that a
student receive a particular problem next, or that a stu-
dent’s current struggle be routed to the teacher, or that
a particular accommodation be activated, is a decision
that the student, teacher, and parent may all reason-
ably want to understand. The XAI-ED framework pro-
posed by Khosravi et al.|(2022) identifies six aspects of
explainability (stakeholders, benefits, presentation ap-
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proaches, Al model classes, human-centered designs,
and potential pitfalls) and provides a structure for eval-
uating any particular educational Al system’s explana-
tion capability.

For TITL, the justification for building this feature
is twofold. First, the Marras and Pasqualotto (2026)
findings discussed in Section 4.1 indicate that teachers’
discomfort with opaque Al recommendations is a pri-
mary barrier to responsible integration. Explanations
that allow teachers to evaluate and contest recommen-
dations make the human-in-the-loop commitment op-
erational rather than aspirational. Second, the COPPA
and FERPA frameworks governing student data require
that parents receive understandable accounts of how au-
tomated systems make decisions affecting their chil-
dren. An explainability layer is therefore not only a
pedagogical feature but a compliance feature. The fea-
ture is aspirational and not built.

8.4 Collaboration Detection (Aspirational)

The platform’s documentation mentions a collabora-
tion detection capability under the academic integrity
category. The feature’s scope in the public documenta-
tion is narrow enough that its pedagogical grounding is
uncertain. If the feature is intended to detect unautho-
rized collaboration during assessment, it is an integrity
feature that does not require pedagogical grounding be-
yond what Section 6 already provides. If the feature
is intended to detect and support authorized peer col-
laboration in learning, it would draw on the same peer-
learning literature as the peer tutoring matching feature
described above (Fiorella & Mayer, |2013), along with
collaborative learning research in the cognitive load tra-
dition. The author recommends that the platform’s pub-
lic documentation be revised to clarify which of these
two uses is intended, because the two implementations
carry different research justifications and different eth-
ical considerations. The feature is aspirational and not
built in either form.

8.5 Student Cognitive Profile Modeling (Aspira-
tional)

The platform’s documentation describes a feature
that creates a portable cognitive model of each student,
used to predict learning crises in advance and to follow

the student across platforms and years. This feature has
not been implemented.

The research basis for predictive modeling of student
learning states is the same knowledge tracing and affec-
tive computing literature already cited in Sections 3 and
5 (Corbett & Anderson, |1995;;|S. D’Mello & Graesser,
2012). Modern extensions use ensemble methods and
deep learning to improve prediction accuracy, but the
core mechanism (inferring a latent student state from
observed performance and behavioral signals) is the
same as the mechanism described by Corbett and An-
derson thirty years ago. The specific claim that the sys-
tem can predict learning crises five to fifteen minutes
in advance is an empirical claim about prediction hori-
zon rather than a theoretical claim about modeling, and
would need to be validated in the target population be-
fore it could be responsibly included in public docu-
mentation.

The portable profile claim is more ethically fraught
than the predictive modeling claim. A cognitive pro-
file that follows a student across platforms and years
is, in the author’s view, among the most personally
identifying data that could be held about a minor, po-
tentially more identifying than their name, address, or
biometric records, because it reveals patterns of cog-
nition and affect that the student may not consciously
recognize in themselves. The Marras and Pasqualotto
(2026) findings regarding amplification of categoriza-
tion effects in neurodivergent populations apply with
particular force to portable profiles. A responsible im-
plementation would require (at minimum) a student’s
continued affirmative consent at each age of majority
transition, parental consent below those thresholds, the
ability to delete the profile at any time, and default lim-
itations on profile portability outside the institution that
collected the data. The feature is aspirational and not
built. When built, the implementation should be gov-
erned by privacy architecture that exceeds rather than
merely meets current COPPA and FERPA standards.

9 Structural Preconditions

Five additional features do not belong in a pedagog-
ical synthesis but are institutional preconditions under
which the pedagogical features can operate. They are
noted briefly here to complete the architectural picture.

The hybrid privacy architecture maintains all person-
ally identifiable information on school-controlled local
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infrastructure, with the cloud-based Al engine receiv-
ing only tokenized interaction data. This architecture
draws on the privacy-by-design principles articulated
by |Cavoukian| (2009) and addresses the privacy con-
cerns documented in [Kumar, Chetty, Clegg, and Vi-
tak (2019) regarding elementary school technology use.
A locally deployable model option, using a district-
controlled server rather than cloud inference, is avail-
able for jurisdictions that require fully offline process-
ing. These design choices make privacy a structural
property of the system rather than a policy promise.

The contractual anti-displacement clause commits
any implementing institution to not reduce teaching,
aide, or special education personnel as a result of ef-
ficiency gains from the platform. The clause operates
as labor protection rather than pedagogy, preserving
the conditions under which the pedagogy can function.
A platform that claims to augment teachers while en-
abling their replacement would undermine its own cen-
tral premise. The clause makes the premise enforce-
able.

The audit trail produced by accommodation deliv-
ery logging, suggestion tracking, and teacher interven-
tion records constitutes a compliance posture that ex-
ceeds current special education documentation stan-
dards. Compliance is treated throughout TITL as a
byproduct rather than a product category. The platform
does not market itself as a compliance tool; it markets
itself as a pedagogical tool whose operation happens to
generate the evidence districts need to satisfy regula-
tory requirements. This framing is architectural rather
than pedagogical, but it matters for how districts should
evaluate the platform against existing compliance-first
competitors.

9.1 Default Opt-Out for Non-Essential Sensing
and Data Collection

A fifth structural commitment organizes the plat-
form’s stance on features that collect information about
the student beyond what is strictly necessary for instruc-
tion. The platform draws a line between features that
are structurally required for the pedagogical architec-
ture to function and features that enrich the architecture
but are not required for its core operation. Features in
the first category are on by default and operate as part of
the platform’s baseline behavior. Features in the second
category are off by default and require explicit opt-in

by the teacher, parent, or student as appropriate to the
student’s age and the feature’s nature.

Structurally required features include accommoda-
tion delivery as specified in the individualized educa-
tion program, the Socratic instructional engine, diffi-
culty and pacing adjustment based on in-task perfor-
mance signals, three-tier escalation routing from Al to
teacher, the teacher dashboard, provenance tracking of
Al contributions to student work, and the compliance
audit trail. These features cannot be disabled without
disabling the platform’s core value proposition or vi-
olating legal obligations around accommodation deliv-
ery.

Features that enrich the architecture but are not re-
quired for its core operation include camera-based fa-
cial affect analysis, any biometric authentication modal-
ity beyond the minimum required to verify student iden-
tity for secure session handoff, and any data collection
that leaves the local environment for research or prod-
uct improvement purposes. These features are off by
default. The parent portal includes explicit controls that
allow parents to review, enable, or disable each optional
feature at any time, with plain-language descriptions of
what each feature does, what data it collects, where the
data is stored, and what it is used for. Teachers can
override parent-level settings only for structurally re-
quired features; optional features always require parent
consent.

This arrangement inverts the default pattern in edu-
cational technology, which typically enables all sens-
ing features by default and requires families to navi-
gate opt-out workflows. The inversion is deliberate. It
places the burden of configuration on the party that ben-
efits from the additional data rather than on the party
whose data is being collected. It also narrows the sur-
face area for the kinds of categorization and surveil-
lance concerns documented in |Marras and Pasqualotto
(2026) and Kumar et al.| (2019), because the optional
features, which carry the greatest privacy and equity
risk, are the ones that require an affirmative act of con-
sent rather than an affirmative act of refusal.

10 Discussion

Three observations emerge from this synthesis.

First, the pedagogical and disability studies founda-
tions for an Al tutoring platform built specifically for
students with documented learning needs are more ma-
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ture than the field’s current product offerings suggest.
Every major feature of TITL except the differential con-
tent adaptation for heterogeneous neurodivergent popu-
lations rests on an established theoretical tradition with
recent empirical validation. The gap between what the
literatures support and what commercial platforms im-
plement exists in design priorities rather than in the lit-
eratures themselves.

Second, the 2026 Marras and Pasqualotto study and
related work make clear that human-in-the-loop func-
tions as a concrete architectural commitment requir-
ing enforcement through system design, and deterio-
rates into marketing language when stated only in doc-
umentation. TITL’s teacher-first governance, full con-
text handoffs, and contractual anti-displacement clause
are mechanisms for keeping the principle operational
under economic pressure. Platforms that implement
teacher-in-the-loop in documentation but not in archi-
tecture should not be treated as equivalent to platforms
that implement it in both.

Third, the differential content adaptation feature is
the platform’s central empirical hypothesis rather than
a validated design choice. The platform should be hon-
est about this in public documentation and in any grant
applications that invoke the feature. A platform that
presents a theoretical commitment as an established
finding invites the reviewer backlash that has damaged
other Al education initiatives. The cleaner move is to
present the feature as a theoretically grounded hypoth-
esis that the platform is designed to test, and to plan the
empirical work that would constitute the test.

11 Limitations

The most significant limitation of this article is that
TITL is at design stage with no deployment data. Every
efficacy claim is therefore indirect, grounded in the em-
pirical validation of closely related mechanisms in other
platforms rather than in direct evidence from TITL it-
self. Future empirical work should prioritize a con-
trolled deployment in a special education context, with
accommodation delivery verification, teacher agency
measures, and student outcome measures as primary
endpoints.

The citation base of this article includes several en-
tries flagged for verification in the accompanying bib-
liography. These entries are plausible and grounded in
the established literature but were not independently re-

verified across three sources during drafting. A final
submission to a peer-reviewed venue should complete
this verification, and the bibliography file accompany-
ing this manuscript marks each entry with its verifica-
tion status.

The evidence base transfer from general education
Al tutoring research (Kestin et al., |2025; [Wang et al.,
2024) to special education contexts should be treated
as a hypothesis rather than an established extrapolation.
The mechanisms are plausible and the design principles
translate, but empirical validation in the target popula-
tion is not available.

The differential content adaptation feature for autism
spectrum and attention-deficit populations remains the
paper’s weakest mapping and should not be treated as
empirically validated on the basis of this synthesis.

12 Conclusion

Adaptive Al tutoring for students with documented
learning needs is theoretically tractable. The pedagog-
ical traditions that support the core features are well-
established, the recent empirical work in general ed-
ucation settings provides indirect support for the core
mechanisms, and the disability studies literature pro-
vides clear guidance on what accommodation delivery
must accomplish to actually serve the target popula-
tion. What is missing from the field is a platform that
has implemented these insights as architectural com-
mitments rather than feature marketing. The Teacher
in the Loop platform, as published at design stage, is an
attempt at such a platform. Whether the attempt suc-
ceeds is an empirical question that deployment will set-
tle. Whether the attempt is grounded in the literatures
that should govern its design is the question this article
has addressed. On that question, the mapping presented
here suggests that the grounding is defensible across
the majority of the feature set, theoretically supported
but empirically pending in specific identified cases, and
honestly acknowledged where it is weakest.
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