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Abstract. AI agents are increasingly adopted in higher education, yet
current systems handle requests uniformly, promoting cognitive offload-
ing over sustained skill development. With the rise of orchestrated multi-
agent systems, learning goals can be targeted by specialized AI agents
that each address a distinct scaffolding mechanism: conceptual, proce-
dural, strategic, or metacognitive. This study follows a Design Science
Research approach to derive design requirements from 32 student in-
terviews, iteratively refine a prototype with 22 IS experts, 6 educators,
and 34 students, and computationally analyze scaffold effectiveness. We
contribute three design principles: (1) multi-agent coordination through
a lead orchestrator that delegates to mechanism-specific sub-agents, (2)
adaptive learner profiling that enables cross-session scaffolding fading,
and (3) continuous institutional knowledge integration grounding scaf-
folds in verified course materials. Our effectiveness analysis reveals that
delivery order predicted learning behavior, positioning orchestration as
a key design concern for AI-assisted educational systems.

Keywords: AI Agents · Orchestration · Design Science Research.

1 Introduction

Consider a novice analyzing a business case: they start understanding frame-
works, navigate multiple resources, develop a solution and a strategy towards it,
and ideally, they reflect on their approach. Each of these steps requires distinct
support, rather than generic answers [25].

Nowadays, learners often consult Generative AI agents, autonomous, goal-
directed systems that can adapt to user needs and coordinate tools across tasks,
to identify key information and generate results [9,14]. AI agent-assisted learning
has emerged as the fourth most prevalent use case globally [58], with recent im-
plementations in higher education supporting foreign language acquisition [60],
innovation management [12], and software development [40]. And while many
tools already hold the potential to personalize learning experiences, especially
when tutors are scarce [32,43], generic AI tools are not built with human learning
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as their core functionality [46]. Recent studies suggest that this lack of pedagogic
grounding may harm the learning process by motivating cognitive offloading and
over-reliance [26,59], indicating that mechanism-specific support has yet to tran-
scend knowledge-transfer to foster sustained skill-development [46].

AI agents that adapt to human learning are designed to follow pedagogic
frameworks, such as the Zone of Proximal Development (ZPD) [50], defined
as the space between a learners’ independent skills and what they can achieve
with targeted support from a more knowledgeable other [56]. Within a learners’
individual ZDP, scaffolding is a method that structures temporary and progres-
sively adjusted support by educators [41]. Aiming to gradually reduce a learn-
ers’ dependence to facilitate skill development, conceptual, procedural, strate-
gic, and metacognitive scaffolding mechanisms each activate a distinct cognitive
process [3, 23]. While a human teacher can easily adapt support mechanisms
throughout a learning session [41], scaffolding AI agents need to leverage ar-
chitectural possibilities to move beyond isolated conversational interventions,
into dynamic, mechanism-specific tutoring encounters [8, 9]. One of these archi-
tectural approaches consider orchestration as framework to streamline multiple
AI agents’ internal planning logic into a unified workflow [1], capable of sup-
porting humans in a targeted manner [15]. As multiple specialized AI agents
are needed [57] to scaffold the right cognitive process at the right time [5], or-
chestration poses a useful mechanism to prioritize and sequence tasks tied to
learning [15,21]. This leads to the following research question (RQ): How can
AI agents be designed to orchestrate scaffolding mechanisms for sus-
tained learning support?

To address this, we follow a Design Science Research (DSR) approach by Pef-
fers et al. [39], emphasizing iterative artifact development, grounded in real-world
problems and user needs [28]. Scaffolding poses as a kernel theory that informs
implementation, the design rationale is derived from orchestrating distinct scaf-
folding AI agents, targeting cognitive processes [24]. Orchestration becomes the
novel technical lens to improve the issue with AI-agent assisted scaffolding to-
wards mechanism-specific tutoring [16]. This study elaborates on the first design
cycle: the introduction covers problem identification and objective definition.
The design and development is discussed in the method section, informed by
management student interviews (N=32), a demonstration with experts from IS
research (N=22), and a system evaluation by educators (N=6) and a focus group
of students (N=34), as well as a computational analysis of the effectiveness of
AI agent scaffolds. This study contributes three design principles that specify
how orchestration coordinates scaffolding AI agents: (1) multi-agent coordination
through a lead orchestrator that delegates to mechanism-specific sub-agents, (2)
adaptive learner profiling that enables cross-session fading of support, and (3)
continuous institutional knowledge integration that grounds scaffolds in verified
course materials. These principles, operationalized through five design features,
offer reusable design knowledge for AI-agent assisted educational systems that
need to coordinate multiple support mechanisms.
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2 Conceptual Background
2.1 AI Agents

Artificial intelligence refers to artifacts that demonstrate reasoning, learning, or
decision-making [4]. With the introduction of agentic capabilities into Generative
AI, AI agents are regarded as the next step in the evolution of the frontier tech-
nology [62]. We define AI agents through four capabilities that distinguish them
from static prompt-response systems [42,57]: (1) operating across domains and
time horizons (environmental complexity), (2) prioritizing understanding over
task completion (goal complexity), (3) responding to shifting user needs (adapt-
ability), and (4) coordinating tools and planning to sequence tasks effectively
(independent task execution). While generic AI agents display an absence of
coordination toward overarching goals [57], this architectural shortcoming has
prevented differentiated scaffolding aligned with educational theory [9]; novel or-
chestration mechanisms for multi-agent communication, organization, and task
coordination, including tool usage and sustained memory [57], indicate that this
deficit is solvable and may present a solution to a known challenge [16].

Orchestration frameworks manage AI agents’ planning logic within a work-
flow [1], addressing delegation of tasks and roles in Multi-Agent-Systems [20,33].
Systems containing multiple AI agents pose design challenges regarding task and
role delegation [1,7,29]. Since scaffolding requires the coordinated delivery of dis-
tinct support mechanisms, the delegation provided by orchestration frameworks
offers a way to assign mechanisms to specialized agents and coordinate their
deployment based on learner state [6,21]. We refer to this as mechanism-specific
support: the targeted activation of a particular scaffold type, combined with
orchestration logic that determines delivery order and coordinates across agents.

2.2 Scaffolding AI Agents

Tutoring encounters, whether human- or AI-mediated, deliver scaffolding in-
terventions [23,41], catalyzing external support mechanisms into self-regulatory
competencies [2]. AI agents have demonstrated effectiveness in delivering instruc-
tion that adapt support frequency support based on domain knowledge [9,10,23],
but have failed to implement multiple support mechanism at once [3]. Facilitating
mechanism-specific learner-AI interaction necessitates a scaffolding framework
that is attuned to orchestrated AI agents, since advanced systems introduce
novel possibilities such as sustained learner-adaption [8,32]. Literature identifies
four scaffold types to structure scaffolds [3, 24]:

1. Conceptual scaffolds highlight key knowledge and relationships between frame-
works and information [5, 43].

2. Procedural scaffolds guide navigation of learning environments, including
tools, resources and functionality [22].

3. Strategic scaffolds help learners to select and sequence the learning process
in terms of planning and problem-solving [5, 36].

4. Metacognitive scaffolds prompt learners to plan, monitor, and regulate think-
ing along the process [2], mediating not only knowledge transmission [54],
but also motivational support [10].
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While each scaffold mechanism addresses a distinct cognitive need, effective AI
agent-assisted educational systems requires a coordinated deployment: a learner
struggling with a concept may first need metacognitive prompting to recognize
their gap, then conceptual explanation to address it, and finally strategic guid-
ance to integrate their ideas. The rise of AI agent orchestration enables novel
directions to develop design knowledge for such mechanism-specific support. The
following section presents our methodological approach to deriving design re-
quirements, principles, and features for orchestrated scaffolding AI agents.

3 Method and Design

3.1 Setting, Participants and Procedure

We aim to develop an artifact that supports management students during the
two-semester qualification phase of a leading European business school. This
phase challenges novices to unify and conceptualize information across subjects
and contexts. To ensure a user-centered design, we recruited 32 students (13 fe-
male, 19 male; ages 19–25; M=23.2) who had successfully completed this phase,
and were enrolled in the third semester or beyond of their bachelor’s program.
Prior to the study, participants completed a beginner’s course on AI agent fun-
damentals to ensure a shared conceptual baseline. Each unpaid, semi-structured
interview lasted approximately 30 minutes. The approach follows the informative
and consultative user involvement steps proposed by [28], emphasizing relevance
and user-centricity as guiding principles in DSR.

The interview protocol consisted of three parts: (1) five questions on AI
usage and observed limitations when working on business cases, (2) nine theory-
informed use cases derived from AI agent theory, and (3) five open-ended prompts
to elicit additional needs. Interviews were transcribed and analyzed using focused
coding, based on thematic analysis of orchestrated AI agents and scaffolding the-
ory [3, 23], and refined based on emergent themes. The coding was conducted
by the first author and reviewed by another researcher to ensure consistency.
Themes were mapped to design requirements through iterative comparison with
theory, ensuring that they reflected conceptual grounding and user relevance [13].

3.2 Deriving Scaffolding AI Agent Design Requirements

Building on the scope of AI agents, each orchestration functionality has been
mapped to a corresponding scaffold mechanism, divided into strategic, concep-
tual, procedural, and metacognitive scaffolds. Table 1 summarizes the mapping
rationale, linking AI agent requirements to learner-facing use cases and scaf-
fold types. To complement the theoretical mapping with empirical exploration,
we conducted user interviews (N=32) on predefined technical functionalities to
validate relevance [19]. By combining theory-driven mapping with user-centered
validation, we aim to ensure that the resulting scaffolding structures align with
the experiences and expectations of learners navigating continuous, personalized
learning journeys. The interviews result in two core observations:
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Observation 1: Interaction with non-educational AI agents invite cogni-
tive offloading [46, 47]. Generic AI agents (e.g., ChatGPT) cannot infer which
cognitive mechanisms support effective learning from prompts alone, especially
novice students default to simple copy-pasting usage without reflection on their
broader learning journey. This user behavior promotes cognitive offloading and
undermines problem-solving and critical thinking [3, 26,59].

Observation 2: AI agent implementation forces continuous re-prompting.
Even if students intend to engage with resources more deeply, current AI agents
operate as standalone session without domain specialization, contextual memory,
or coordination across support mechanisms [46, 61], resulting in generic task-
completion [42].

Table 1. Learner-facing design requirements mapped to scaffold types.
Scaffold Type Learner Needs

(Interviews)
Design Requirement Testability

Criteria
Conceptual:
Clarifying do-
main knowledge
and concept
relationships

“Explains better
than professors;
adapts to my
speed” (I1, I4)

DR1: The AI agent shall pro-
vide domain-specific explana-
tions that adapt in complexity to
the learner’s demonstrated un-
derstanding level.

Explanation
accuracy;
adaptation
frequency

Strategic: Sup-
porting planning
and task decom-
position

“Don’t know where
to start; helps me
structure” (I4, I5,
I8)

DR2: The AI agent shall sup-
port learners in decomposing
complex tasks into manageable
steps and sequencing activities.

Plan quality
ratings; task
completion
rates

Procedural:
Guiding resource
and tool usage

“Knows what was
covered in lecture;
connected to old
exams” (I4, I5)

DR3: Learners shall receive
scaffolds grounded in verified in-
stitutional materials relevant to
their current task.

Retrieval
accuracy;
guidance
uptake

Metacognitive:
Sustaining self-
monitoring and
reflection

“Tracks where
I’m stuck; recog-
nizes my mistake
patterns” (I5, I8)

DR4: Learners shall receive re-
flection prompts adapted to their
demonstrated learning patterns
and progress over time.

Profile-
accuracy;
scaffolding
fading rate

We derive four learner-facing design requirements (DR1–DR4) from the in-
terview findings, following de Weck’s criteria for clarity, testability, and feasibil-
ity [52]. DR1 and DR2 address the absence of context-specific cognitive support
identified in Observation 1: scaffolding theory requires that support be contin-
gent on the learner’s current understanding [41], which generic AI agents cannot
assess from prompts alone [3]. DR3 and DR4 address the system-level deficits
identified in Observation 2: effective scaffolding depends on continuity across
learning sessions [56] and alignment with institutional curricula [24], neither of
which standalone AI agents provide [42]. The orchestration of the scaffolding
mechanisms, describing how and when they are delivered, is addressed below.

3.3 Developing Design Principles and Features

The four learner-facing design requirements inform three system-level design
principles (DP1–DP3) (Table 2), formulated according to Gregor et al.’s anatomy
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of design principles [17]. Each principle specifies its mechanism, aim, context,
and theoretical rationale. We then derive five design features (DF1–DF5) that
translate these principles into an orchestrated AI agent architecture (Figure 1).

DP1: Orchestrated Multi-Agent Coordination Derived from DR1 and
DR2. For scaffolding AI agents to achieve coherent support across diverse cog-
nitive tasks in higher education contexts, implement a lead orchestrator agent
that delegates to specialized sub-agents based on scaffold type, as learners require
seamless transitions between conceptual, strategic, procedural, and metacogni-
tive support without context loss [57]. This principle enacts the scaffold functions
of contingency (responding to learner state) and intersubjectivity (maintaining
shared understanding across agents). DP1 is implemented through DF1 (Lead
Orchestrator Agent) and DF2 (Specialized Sub-Agents).

DP2: Adaptive Learner Profiling Derived from DR1 and DR4. For scaf-
folding AI agents to achieve appropriate support intensity in sustained learning
activities, implement persistent learner profiles that track demonstrated under-
standing and learning patterns, because scaffolding effectiveness depends on ac-
curate assessment of the learner’s zone of proximal development [50]. This prin-
ciple enacts the scaffold functions of fading (reducing support as competence
grows) and transfer (applying insights across domains) [56]. DP2 is implemented
through DF3 (Learner Memory Store).

DP3: Continuous Institutional Knowledge Integration Derived from
DR3 and DR4. For scaffolding AI agents to achieve curriculum-aligned support
in institutional learning environments, implement verified connections to course
materials and educator oversight mechanisms [9, 55], because learners require
scaffolds grounded in approved content, while instructors require visibility into
AI-mediated learning [24]. This principle enacts the scaffold functions of proce-
dural guidance (directing resource use) and recruitment (maintaining orientation
toward institutional goals) [41]. DP3 is implemented through DF4 (Institutional
Resource Connector) and DF5 (Educator Oversight Dashboard).

Table 2. Mapping of design requirements to principles and features.
Design Requirement Design Principle Design Feature Scaffold Function
DR1: Adaptive domain
explanation

DP1: Multi-Agent
Coordination

DF1: Lead Or-
chestrator

Contingency

DR2: Task decomposition
support

DF2: Specialized
Sub-Agents

Intersubjectivity

DR1: Adaptive domain
explanation

DP2: Adaptive
Learner Profiling

DF3: Learner
Memory Store

Fading

DR4: Pattern-based
reflection

Transfer

DR3: Curriculum-
grounded scaffolds

DP3: Institutional
Knowledge
Integration

DF4: Resource
Connector

Procedural guidance

DR4: Pattern-based
reflection

DF5: Educator
Dashboard

Recruitment
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Fig. 1. Design features of the scaffolding AI agent architecture.

Scaffolding theory anticipates gradual fade-out as learners develop compe-
tence within their ZDP [56]. DF3 enables this by tracking skill progression
across sessions, allowing the orchestrator (DF1) to reduce intervention inten-
sity for mastered topics. Interview participants emphasized the importance of
human oversight during this transition, as they value the expertise of an edu-
cator over the generic explanations they would receive otherwise: DF5 ensures
educators can monitor fade-out timing and intervene when the AI misjudges
learner readiness.

3.4 Demonstrating the Scaffolding AI Agent Prototype

System Description and Orchestration Logic The system [27] implements
a hierarchical multi-agent architecture (Figure 1). A lead agent (DF1) serves
as the orchestrator, managing the workflow, sub-agent activation, and learner
state. Upon each concept map submission, the orchestrator follows a fixed del-
egation sequence: it first dispatches input to the content ingestion agent, which
parses and tracks concept map changes across rounds; then to the example map
agent, which compares the learner’s map against an expert reference without re-
vealing it; and finally to the scaffolding agent assigned to the current round. The
active scaffolding agent (DF2) is determined by the experimental condition,
which assigns one of four specialized agents per round. Each scaffolding agent ad-
justs its support intensity (high, medium, low) based on the learner’s memory
store (DF3), which the profiling component updates by analyzing concept map
complexity relative to previous submissions. This enables scaffolding fading: as
the learner’s assessed competence increases, support intensity decreases. Agent
activation and deactivation are controlled through the educators’ configura-
tion (DF5), allowing design features to be enabled or disabled for experimental
conditions, which is directly tied to the resource connector (DF4) on a task
content-level.
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The environment is built on Python 3.12 [48] with a Streamlit interface [45],
and integrates LLM-based natural language generation for agent responses, Mon-
goDB [34] for data persistence, and Cytoscape [38] for real-time concept map
interaction. A progress tracking dashboard provides visual feedback on learner
development across rounds.

Task Description The concept mapping exercise focused on a fictional market
entry challenge for a foreign software startup to prevent external knowledge con-
tamination and ensure experimental control (Figure 2). "Adaptive Market Gate-
keeping (AMG)" could neither be found online, nor did generic AI agents provide
suitable information on it. The task required participants to construct concept
maps illustrating the interconnections between four core domains: Market anal-
ysis, resources and capital, entry strategies, and the fictional AMG mechanisms:
dynamic adaptation, rule-changing, network control, and resource blocking by
incumbent firms. Concept mapping externalizes learners’ knowledge structures
and misconceptions in a machine-parseable graph [37] and has strong evidence
for learning benefits and assessment validity [22,53]. Scaffolding in concept map-
ping tasks demonstrates feasibility to provide structured support [31]

Demonstration Procedure We recruited 22 experts from IS research (9 fe-
male, 13 male) with experience in design and implementation of GenAI-based
systems from a leading European Business School. Experts tested the prototype
individually by working through the case task, providing think-aloud commen-
tary on system interaction (Figure 3). Sessions lasted one hour and were screen-
recorded. During this phase, experts identified more than 20 usability barriers
at the interface level, which were resolved prior to proceeding to the evaluation.

Stage 1: IS Expert Evaluation of Design Principles The same 22 ex-
perts participated in a structured evaluation session assessing principle validity
and feature utility. Our evaluation follows FEDS [49], adopting a Human Risk
& Effectiveness strategy appropriate for educational AI deployment. Experts re-
ceived descriptions of each design principle (DP1–DP3) and their corresponding
features (DF1–DF5), then rated: (1) whether features adequately operationalized
their parent principles (principle–feature traceability); (2) whether the orchestra-
tion logic produced appropriate scaffold sequencing (DP1 validity); (3) whether
learner profiles enabled meaningful adaptation (DP2 validity); and (4) whether
institutional resource integration maintained curriculum alignment (DP3 valid-
ity). Feedback was collected in a follow-up discussion. This assessment identi-
fied two refinement categories: system persistence to improve memory, so learner
profiles persisted across sessions, and scaffolding effectiveness, clarifying the lead
agents’ orchestration logic was transparent to evaluators.

Stage 2: Educators Evaluation of Scaffolding AI Agent Output To
ensure that the AI agents delivered the intended scaffold types, six educators
(all female), each experienced in scaffolding novice learners, blindly classified
agent outputs by mechanism (conceptual, procedural, metacognitive, strategic)
through focused coding. Ratings were conducted in rotating groups of three;
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Fig. 2. Implemented design features within a workflow
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only prompts with consistent classifications were implemented. Educators then
provided coded edits to the prompt-templates [47] to increase contextualization
for the problem-solving task (Table 3). Their adaptions aim to cater towards
more contextualized learner feedback during the problem-solving task.

Fig. 3. Prototype displaying the design features within in an interaction

Table 3. Prompt templates of the scaffold types iteratively refined by educators (N=6).

Prompt before edits Prompt after edits
Conceptual: Can you explain
the difference between {con-
cept A} and {concept B}?

The concept of {concept A} relates to {concept B} in
international markets. How does this theoretical un-
derstanding change how you see these relationships?

Procedural: Have you consid-
ered alternative ways to or-
ganize these concepts? What
might work better?

I notice {observation}. Let me walk you through a
method for adding complex relationships: (1) identify
the placement of {concept A}, (2) determine the rela-
tionship with {node A}, (3) create the linking phrase.

Strategic: What’s your strat-
egy for identifying the most
critical relationships first? How
do you prioritize connection-
building?

Looking at your challenge with {observation}, what
strategy would be most effective here? Have you con-
sidered breaking {observation} down into smaller con-
cepts as with {concept A}?

Metacognitive: What was
challenging about creating this
concept map?

How has your understanding of {concept A} changed
since you started working on this map? What specific
insights have you gained?
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Stage 3: Student Focus Group Evaluation (N=34) A focus group
with 34 first-semester management students (20 male, 14 female), none with
prior experience in business case analysis, revealed findings along two dimen-
sions. Regarding usability, simultaneous novelty of the interface and multi-agent
interaction caused information overload, and unfamiliarity with the task do-
main confounded task difficulty with system complexity. Regarding scaffolding
reception, expectations shaped by ChatGPT usage limited some students’ en-
gagement with reflective scaffolding, while others noted that the metacognitive
agent prompted deeper engagement with their own learning process, particularly
in priming self-reflection early in the task. These findings indicate that summa-
tive evaluation requires incremental feature introduction and task familiarization
before assessing scaffolding effectiveness in the full orchestrated system.

Stage 4: Scaffold Effectiveness Analysis (N=153)
To assess whether the AI agents delivered scaffolding as designed and whether

these scaffolds translated into observable learning behavior, we conducted a com-
putational analysis of 153 agent–learner interactions from the metacognition-first
condition using two complementary methods.

LLM-as-a-Judge Classification. Following recent advances in automated
content analysis [62], we employed a custom LLM-based classifier to evalu-
ate each agent response along two dimensions: (1) scaffolding act (elaboration,
prompting, or feedback), reflecting whether the agent provided explanatory con-
tent, posed reflective questions, or offered corrective input; and (2) scaffold mech-
anism (conceptual, strategic, procedural, or metacognitive), indicating which
cognitive process the response targeted. Additionally, elaborations were rated
for quality (helpful, neutral, or unhelpful) based on whether they provided ac-
tionable guidance aligned with the learner’s current task state. The classifier
achieved mean confidence of 0.93 across these classifications.

Effectiveness Measure. We operationalized scaffold effectiveness through
concept map growth: for each agent interaction, we computed ∆concepts as the
difference in node count between consecutive rounds. An elaboration was coded
as behaviorally effective if the learner added at least one concept following the
interaction (∆concepts > 0). This measure captures whether scaffolds translated
into externalized knowledge construction, the creation of new nodes and edges.

Analysis Procedure. We fitted mixed-effects regression models with ran-
dom intercepts by session to account for repeated measures within learners. The
dependent variable was ∆concepts per round; predictors included agent type
(delivery position), helpful elaboration count, total interactions, and baseline
concept map size, which represents the first round, where students did nor re-
ceive AI agent support. A Bootstrap resampling (1,000 iterations) at the session
level provided robust confidence intervals [18].

Results. Table 4 presents scaffold effectiveness by agent type in the early
metacognitive group. Delivery position strongly predicted concept addition: the
metacognitive agent delivered first and produced the highest growth (M = 2.66,
SD = 3.50), while the conceptual agent, who delivered last, showed minimal
effect (M = 0.43, SD = 1.15). Bootstrap analysis confirmed that only the
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metacognitive agent effect was robust (95% CI [1.24, 1.91], excluding zero). The
effect size between best- and worst-performing agents was large (Cohen’s d =
0.96), indicating that position accounted for the variance in learning behavior.

Table 4. Scaffold effectiveness by agent type (N=153).
Agent Type Pos. M SD n 95% CI Sig.
Metacognitive 1st 2.66 3.50 31 [1.24, 1.91] *
Strategic 2nd 1.40 2.81 23 [-0.02, 1.20] —
Procedural 3rd 0.84 2.79 48 [-0.45, 1.53] —
Conceptual 4th 0.43 1.15 51 ref. —

*CI excludes zero. Reference: conceptual. ∆concepts = concepts added per round.

These findings reveal a primacy effect: metacognitive scaffolds delivered early
produced greatest immediate behavioral change. This supports DP1 by demon-
strating that orchestration—specifically, delivery coordination is a consequential
design parameter. The pattern suggests that early scaffolds capture learner at-
tention and cognitive resources, while later scaffolds may encounter diminishing
reception. Practitioners designing multi-agent systems should therefore consider
not only which scaffold to deploy but when in the sequence to deploy it.

4 Discussion

4.1 Findings and Contributions

This study contributes design knowledge for orchestrated scaffolding AI agents
in higher education, as well as an accessible prototype [27]. The contribution
is threefold: (1) design principles that specify how a lead orchestrator coordi-
nates mechanism-specific sub-agents, with evidence that orchestration affects
scaffold effectiveness (DP1); (2) a persistent learner profiling approach that en-
ables cross-session scaffolding fading based on assessed ZPD (DP2); and (3) an
institutional knowledge integration architecture that grounds AI-generated scaf-
folds in course materials (DP3). These principles, grounded in scaffolding theory
and validated through learner interviews (N=32), IS expert evaluation (N=22),
educator refinement (N=6), and a student focus group (N=34), are formulated
following Gregor et al. [17] and reusable design knowledge for multi-agent sys-
tems in education. Our scaffold effectiveness analysis revealed that delivery po-
sition predicted learning behavior: early metacognitive scaffolds produced the
largest concept map growth (Cohen’s d = 0.96), suggesting a primacy effect
that orchestration policies must account for.

A Framework Linking Scaffolding and AI Agent Orchestration.
Prior educational AI has treated scaffolding as monolithic: Systems either scaf-
fold or they do not, utilizing a single support mechanism [3, 23, 47]. Through
novel possibilities introduced by orchestrated AI agents, our framework decom-
poses this known issue into coordinated, distinct mechanisms and maps each
to specialized agents, enabling researchers to study which scaffold affects which
outcome [16]. Our empirical analysis demonstrates that mechanism-specific sup-
port alone is insufficient: the same scaffold type (metacognitive) produced high



Orchestrating Scaffolding AI Agents 13

effectiveness when delivered first. This finding elevates orchestration from im-
plementation detail to first-order design concern. While prior work explores AI-
assisted education [32,35,43], these single-agent systems cannot address position-
dependent effectiveness. DP1 responds by establishing coordination logic, how
agents sequence interventions, as consequential as the scaffolds themselves, ad-
dressing the reusability gap [11].

Validated Design Knowledge for mechanism-specific Support. The
design requirements (DR1–DR4) translate scaffold types [3, 24] into testable AI
agent orchestration following de Weck [52]. The design principles (DP1–DP3)
follow Gregor et al.’s anatomy [17], supporting cumulative knowledge building.

DP1: Orchestrated Multi-Agent Coordination. While Lange and Schlim-
bach [30] differentiate cognitive levels, they do not address cross-level coordina-
tion. Our primacy finding concerning early scaffolds as capturing learner recep-
tivity regardless of type, demonstrates why orchestration matters: practitioners
must sequence scaffolds strategically, not just select appropriate types. This ex-
tends Belland et al.’s [3] observation that scaffolding requires mechanism-specific
adaptation by showing that timing of adaptation is equally critical. Designers
should: (1) implement scaffold-type classifiers; (2) design position-aware sequenc-
ing policies; (3) log orchestration decisions for pattern analysis.

DP2: Adaptive Learner Profiling. Wambsganss and Schmitt [51] enhance
learning through post-hoc trace analysis. Our contribution enables real-time pro-
filing: persistent learner profiles allow orchestrated AI agents to calibrate inten-
sity and delivery order based on assessed understanding. While Neis et al. [35]
adapt their system within sessions, it resets across conversations. DP2 maintains
cross-session continuity, enabling the fading function central to scaffolding [56].
Designers could: (1) implement lightweight diagnostics; (2) store profiles with
privacy safeguards; (3) design fading policies informed by position effects.

DP3: Continuous Institutional Knowledge Integration. Steinherr et
al. [44] address infrastructure for human-designed materials, not AI agents, other
AI agents operated independently of institutional content [35,43]; orchestration
now enables dedicated resource-retrieval agents that validate curriculum align-
ment before scaffolds reach learners. The orchestrated AI agents coordinate when
and what to retrieve, and how to integrate it into ongoing scaffolding sequences,
leading to the following suggestions for Designers: (1) implementation of retrieval
agents within the orchestrated architecture; (2) designing validation protocols
for curriculum alignment; (3) providing educator dashboards for oversight.

4.2 Limitations and Future Work

Our evaluation remains formative-artificial [49]: experts and students assessed
validity and utility, while LLM-as-a-judge analysis validated scaffold delivery,
but summative outcome measurement is pending. The focus group revealed that
simultaneous novelty (interface, task, agents) obscured effects, requiring feature-
by-feature evaluation. The primacy effect we observed warrants replication across
sequences, as our analysis examined early metacognitive scaffolds. The interview
sample (N=32) from one European institution limits generalizability. Institu-
tional integration (DP3) was demonstrated in controlled conditions; production
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embedding remains unaddressed. The next cycle will compare feature-ablated
versions (planned N=200) and test adaptive scaffolding orchestration policies to
isolate position from mechanism effects.

Subsequent work addresses cross-domain generalization and longitudinal de-
ployment to assess scaffolding persistence. By establishing AI agent orchestra-
tion as the architectural foundation for mechanism-specific scaffolding (DP1 and
DP2), this study demonstrates how advances in multi-agent coordination can
now address a long-standing challenge in AI-assisted educational systems: de-
livering the right support, at the right time, adapted to the learner’s evolving
needs.
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