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Abstract
Reading scaffolds aligned with disciplinary literacy practices and instructional contexts are essential
for supporting engagement with disciplinary texts in higher education, yet remain difficult to design
effectively at scale. We present InkSpire, an LLM-powered system for creating disciplinarily aligned
and context-aware reading scaffolds for digital textbooks. InkSpire introduces a human-in-the-loop
workflow for structured integration of instructional context and pedagogical considerations, along with
a theory-grounded generation pipeline based on the disciplinary literacy framework [1] to produce
scaffolds aligned with disciplinary epistemologies and reading practices. A preliminary pilot across
11 readings generated 56 scaffolds, with the majority accepted with minimal revision, suggesting the
system’s potential for supporting disciplinarily aligned and context-aware scaffold authoring at scale.
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1. Introduction

Reading is essential for academic success in higher education [2, 3]. Across disciplines, students
are expected to engage extensively with textbooks as a core component of their learning [4].
However, texts in higher education are highly complex and disciplinary in nature, requiring
students to to draw on epistemological understandings of disciplinary traditions to construct
meaning and apply strategies aligned with discipline-specific standards of knowing [5, 6]—
demands that general reading strategies often prove insufficient to address [7]. These discipline-
specific literacy learning needs have inspired the development of disciplinarily aligned reading
scaffolds as effective instructional support [8, 9].

However, designing high-quality disciplinary reading scaffolds for reading materials such
as digital textbooks is a time-consuming, knowledge-intensive process [10]. Doing so reliably
at scale is even harder, motivating research on automated question and scaffold generation
for digital textbooks. While these systems have made meaningful progress, they exhibit crit-
ical limitations in producing disciplinarily aligned scaffolds sensitive to context. Earlier sys-
tems primarily relied on surface-level textual features for scaffold question generation [11, 12],
making it difficult to capture the higher-order, discipline-specific epistemological differences
and generate truly disciplinarily aligned scaffolds. Such generation approach also struggles
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to incorporate higher-order instructional contexts and pedagogical goals. While more recent
LLM-based approaches offer greater generative flexibility [10, 13], existing research has largely
overlooked whether generated scaffolds align with and support disciplinary reading practices,
and has not sufficiently addressed the structured integration of instructional context and ped-
agogical considerations into the generation process.

To address these limitations, we present InkSpire, an LLM-powered scaffold design and gen-
eration system for higher education digital readings. By describing InkSpire’s theory-aligned
design and preliminary pilot findings, this paper makes the following contributions: (1) the
design and implementation of InkSpire, a human-AI co-design system for context-aware and
disciplinarily aligned scaffold generation; (2) a human-in-the-loop workflow that integrates
instructional context and pedagogical considerations as foundational inputs to scaffold gen-
eration and positions instructors as active reviewers who validate and refine output scaffolds
against their instructional goals; and (3) a theory-informed generation pipeline grounded in
disciplinary literacy framework [1].

2. Related Work

2.1. Disciplinary Literacy and Textbook Reading in Higher Education

Traditional content-area reading instruction has emphasized general reading strategies, such
as prediction, think-aloud, and activating prior knowledge, which are well established as effec-
tive for supporting basic comprehension [14, 15]. However, as literacy demands become more
disciplinary and technical beyond secondary education, these strategies grow increasingly in-
sufficient, as each discipline constructs and evaluates knowledge differently and thus requires
distinct reading practices [16]. To address the disciplinary literacy needs, disciplinary literacy
instruction advocates fostering discipline-appropriate literacy practices within content areas
[17]. Goldman et al. [1] propose a conceptual framework that helps operationalize discipline-
specific literacy learning goals through five core constructs: (a) epistemology—beliefs about
the nature of knowledge and knowing; (b) inquiry practices/strategies of reasoning—ways in
which claims and evidence are established and validated; (c) overarching concepts, themes,
and frameworks—the core ideas and principles for warranting claims; (d) forms of information
representation/types of texts—types of texts and media through which information is commu-
nicated; and (e) discourse and language structures—the oral and written language forms that
express disciplinary knowledge.

In higher education, academic texts, such as textbooks, are often highly complex and disci-
plinary in nature [18, 19], and general reading strategies have proven insufficient when applied
to such materials [7]. To support students’ engagement with disciplinary texts, empirical re-
search has explored and highlighted the value of discipline-specific reading scaffolds. Van
Camp and Van Camp [9] found that scaffolded questions in weekly assignments significantly
improved students’ critical reading of psychology texts, while the READ project showed that
discipline-specific tasks (such as discipline-relevant vocabulary building) improved pass rates
and higher-order competencies across biology, engineering, and marketing courses [8].

These findings suggest that discipline-specific reading scaffolds are effective and that embed-
ding them during reading holds significant promise. However, how to systematically design



and implement them in interactive digital textbooks remains underexplored, motivating our
review of existing automated scaffold and question generation systems.

2.2. Current systems designed for scaffold generation and reading support

Research on automated scaffold and question generation for academic texts has attracted grow-
ing research attention. One research strand focuses on fully automated generation pipelines.
Earlier automatic question generation systems largely follow a pre-LLM paradigm spanning
rule-based and linguistically driven feature extraction methods and neural network–based rep-
resentation learning architectures [12, 20]. More recent work has leveraged LLMs for educa-
tional question generation based on textbooks, demonstrating greater cross-domain flexibility
through prompting [10, 13]. However, LLM-generated questions still fall short in engaging
with discipline-specific reading practices and structured integration with pedagogical goals.

A different approach to the problem is to involve instructors in the scaffold generation pro-
cess. ReadingQuizMaker, for instance, introduces a human-NLP collaborative paradigm, pro-
viding instructors with question templates and an NLP toolbox for text summarization and
negation [11]. Though the co-design workflow affords instructors greater involvement, the
tool’s support remains primarily linguistic: it neither models the discipline-specific epistemo-
logical characteristics of texts nor encodes pedagogical goals [21], affording instructors limited
agency to act as disciplinary designers or to align scaffolds with broader learning objectives.

Across both strands, reading scaffolds generally lack attention to disciplinary literacy prac-
tices and structured mechanisms for integrating instructional context and pedagogical goals.
Earlier work largely anchors scaffold generation in surface textual features, which limits mean-
ingful engagement with disciplinary reading practices and constrains the integration of instruc-
tional context. More recent LLM-based approaches offer greater generative flexibility, yet con-
tinue to overlook disciplinary grounding and structured pedagogical integration.

3. System design

To address these gaps, we designed InkSpire, an LLM-powered system that supports the design
and generation of context-aware and disciplinarily aligned reading scaffolds (including ques-
tions and prompts that provoke thought and guide deeper comprehension and discussion).

To better account for instructional context, InkSpire adopts a human-in-the-loop workflow
that actively engages instructors throughout the process. The workflow begins with a Class
Profile co-design process, in which instructors contribute their understanding of the learning
context and share pedagogical considerations. The verified Class Profile then guides the LLM-
driven scaffold generation pipeline, and the workflow concludes with an interactive review
interface for instructors to evaluate and refine the generated scaffolds.

To ground the generated scaffolds in discipline-specific reading practices, Goldman et al.’s [1]
disciplinary core constructs framework is embedded throughout the workflow and guides each
stage of the generation pipeline. During Class Profile construction, the LLM performs a theory-
informed analysis to identify the core constructs shaping disciplinary literacy practices, subject
to instructor verification. In the scaffold generation pipeline, these constructs play a central



Figure 1: InkSpire System Workflow

role at each stage—guiding the identification of scaffold-worthy text segments and informing
the generation of scaffold types responsive to each disciplinary literacy construct.

InkSpire comprises three core components: (1) Class Profile Co-Construction, (2) a Theory-
Informed Scaffold Generation Pipeline, and (3) an Interactive Review Layer with integration
into collaborative annotation technologies.

3.1. Component 1: Class Profile Co-Construction

The first core component of InkSpire focuses on the co-construction of a comprehensive class
profile of the instructional context between the instructor and the system, which serves as the
foundation for subsequent scaffold design and generation. Instructors provide inputs at the dis-
ciplinary, course, and class levels, which an LLM-assisted analysis processes into a structured
interpretation of the instructional context across four levels—disciplinary (how knowledge is
read, reasoned about, and validated in the field [1]), course (learning goals, key concepts and
terms), learner (prior knowledge, challenges, and suitable scaffold formats), and design consid-
erations (high-priority constraints on what to emphasize or avoid).

To support interpretability and instructor oversight, the system generates an explicit design
rationale alongside the profile analysis, enabling instructors to review, validate, and refine the
system’s interpretation before it is passed to the subsequent scaffold generation pipeline.

3.2. Component 2: Theory-Informed Scaffold Generation Pipeline

The second core component is a theory-informed generation pipeline that takes the verified
Class Profile as input and produces disciplinarily aligned and context-sensitive scaffolds. 

The pipeline uses LangChain and LangGraph for structured, multi-step workflow manage-
ment, which offers greater controllability than single-pass prompting. It runs on Gemini 2.5
Flash at temperature 0.3 to prioritize output stability, reproducibility, and faithful preservation
of pedagogical theories and intent. The pipeline proceeds through four sequential stages.



The first stage, the Material Analyst, is prompted to “analyze the reading material section
by section”, annotating each section for textual features (content type, cognitive load, and read-
ing patterns) and identifying sections aligned with the instructional context and pedagogical
considerations—an identification grounded in a prior step that first analyzes “key ideas, poten-
tial student challenges, and instructional opportunities” based on the class profile. It also flags
texts related to the core disciplinary literacy constructs [1], including markers of disciplinary
epistemology, inquiry practices and strategies of reasoning, overarching disciplinary concepts and
frameworks, critical representation transitions, and discipline-specific discourse and language
structures. This stage produces a structured characterization report of the reading, indicating
which sections contain scaffold-worthy content.

The second stage, the Focus Area Identifier, takes the class profile and the Material Ana-
lyst’s reading report as input and applies a principled rule set—specified explicitly and rigor-
ously in the agent’s system prompt—to identify scaffold-worthy segments. Informed by cog-
nitive load theory[22] and disciplinary literacy framework [1], the rules prioritize segments
characterized by high cognitive load, containing or embodying core disciplinary constructs
(like discipline-specific epistemological practices or inquiry strategies), and potential misconcep-
tions, etc. The Key Course Alignment rule further ensures that selected segments align with
course and session goals, preserving context-awareness. Each selected segment is assigned a
rule-grounded rationale and priority ranking to guide subsequent generation.

The third stage, the Scaffold Generator, then maps each flagged scaffold segment and
its associated rationale to theoretically grounded scaffold types. Segments with high cogni-
tive load, for instance, are addressed through simplification and clarification prompts or ques-
tions, while segments involving inquiry practices are translated into prompts that encourage
discipline-specific ways of thinking or inquiry, such as interpreting evidence or constructing
explanations in the manner of a discipline expert. The generator is further prompted to cali-
brate language difficulty to the class’s proficiency level and, where possible, connect scaffolds
to course learning goals and key terms.

The fourth stage, the Quality Controller, reviews the complete scaffold set for coherence
and coverage before surfacing the outputs for instructor review.

The pipeline ultimately transforms readingmaterials into pedagogically purposeful scaffolds—
e.g., “How does this approach (Productive Failure) challenge traditional notions of ‘success’ in
learning, and what makes this initial failure ‘productive’ rather than discouraging?”

3.3. Component 3: Interactive Scaffold Review and Integration with
Collaborative Annotation Technologies

Finally, the scaffold review and deployment component concludes the system’s human-in-the-
loop design workflow. The system provides a review interface where instructors can actively
engage with generated scaffolds—accepting, declining, editing, or refining them with the LLM.

To reduce the cognitive load associatedwith the scaffold validation, each scaffold is displayed
alongside a reading inwhich the corresponding source texts are highlighted. Clicking a scaffold
card scrolls the reading directly to the highlighted source, enabling efficient cross-referencing
between scaffolds and the source texts throughout the review process.

Beyond individual review, the system supports downstream scaffold dissemination through



export functionalities such as copy and download, as well as built-in integration with external
collaborative reading and discussion platforms (i.e., Perusall) [23]. The highlighted text seg-
ments and their associated scaffolds accepted in the review interface are automatically trans-
formed into instructor-authored annotations anchored to the corresponding texts in Perusall.
This integration streamlines scaffold deployment while enabling the scaffolds to serve as inter-
active entry points for collaborative disciplinary discourse through social annotation [24].

4. Preliminary Pilot Findings

To examine instructor engagement with InkSpire, one of the researchers piloted the system in
his own course over 6 weeks across 6 design sessions. 56 scaffolds were generated across 11
readings. Of these, 36 scaffolds were accepted without modification, 15 were accepted after one
manual revision, and 3 were accepted after two rounds of revision. Two generated scaffolds
were initially rejected but were ultimately accepted. One case appears to be a misclick, as
it was immediately followed by an accept on identical content. The other case was rejected
because the scaffold misattributed a concept to the wrong paper—two sources appeared within
the same source fragment, which likely contributed to the confusion. A subsequent “refine
with LLM” attempt produced a similarly flawed result. The instructor then manually corrected
the citation and accepted it.     

5. Conclusion

In this paper, we presented InkSpire, an LLM-powered system for designing and generating
disciplinarily aligned and context-aware, reading scaffolds for digital textbooks. Designing
high-quality disciplinary reading scaffolds is traditionally a time-intensive, expert-dependent
process, and existing automated systems lack the disciplinary grounding and pedagogical con-
text integration necessary to produce scaffolds that both align with disciplinary reading prac-
tices and are responsive to instructional context [10]. In its current form, InkSpire offers a step
toward more disciplinarily aligned and pedagogically grounded scaffold authoring.

InkSpire advances the field in two key respects. First, it addresses the limited incorporation
of instructional context in prior systems [10, 12] by adopting a structured human-in-the-loop
workflow that enables instructors to co-construct a class profile as foundational input to scaf-
fold generation, and to actively review, validate, and iteratively refine generated outputs to
ensure alignment with their pedagogical goals. Second, by grounding the generation pipeline
in a disciplinary literacy framework [1] rather than structural or syntactic heuristics [11, 12],
InkSpire produces scaffolds more genuinely aligned with discipline-specific epistemological
and reading practices, better positioning it to foster students’ disciplinary literacy.

Pilot findings suggest the system’s potential for supporting disciplinarily aligned and context-
aware scaffold authoring at scale. Future work will include a more detailed instructor evalua-
tion of the generated scaffolds, testing across different disciplines, alongside a closer look into
hallucination rates and efficiency gains (e.g., time saved relative to manual scaffold design). In
addition, Perusall interaction data provides opportunities for understanding how disciplinarily
aligned and context-aware scaffolds influence students’ engagement with disciplinary texts.
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