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Abstract001

We present Textbook Tutor, an interactive AI002
learning system that transforms static textbook003
chapters into structured learning experiences004
through a reproducible Textbook-to-Interaction005
pipeline. The system converts open educational006
resources into multiple instructional modes,007
including storytelling, business case simula-008
tions, and interactive challenges grounded in009
retrieval-augmented generation. Through con-010
trolled pipeline-level evaluations and a mixed-011
method user study (N=62), we find that in-012
structional structure contributes more to short-013
term learning gains than increasing model ca-014
pacity alone, and that lightweight lexical re-015
trieval is sufficient for reliable chapter-level016
grounding. Guided by usability findings from017
an early prototype, we transitioned the system018
to a web-based deployment supporting both019
curated single-textbook tutoring and flexible020
multi-book workflows. Together, our results021
demonstrate that effective and accessible inter-022
active textbook learning can be achieved with-023
out heavy infrastructure.024

1 Introduction025

Traditional textbook-based learning often struggles026

to support sustained engagement and conceptual027

understanding (Woo, 2009). Static chapters pro-028

vide limited opportunities for interaction, feedback,029

or personalization, which can reduce motivation030

and slow learning progress, even for highly mo-031

tivated students. These challenges are especially032

pronounced when learners must navigate dense ma-033

terial without adaptive guidance or structured prac-034

tice. Recent advances in large language models035

have created new opportunities for educational sup-036

port, including automated tutoring, summarization,037

and question answering (Woo, 2009). However,038

most AI-driven learning tools emphasize conversa-039

tional question answering and rely on cloud-scale040

infrastructure, limiting both instructional diversity041

and accessibility in real-world educational settings.042

Prior systems such as Newtbot (Lieb and Goel, 043

2024) and Ruffle&Riley (Schmucker et al., 2023) 044

demonstrate the potential of LLM-powered tutor- 045

ing, but they often focus on a single interaction 046

mode and require heavy infrastructure. As a re- 047

sult, there remains a need for modular, multi-mode 048

tutoring systems that directly leverage open educa- 049

tional resources (OER) while remaining practical 050

to deploy (OpenStax, 2023b; Lewis et al., 2021; 051

Qin et al., 2023). 052

In this work, we study how retrieval-augmented 053

generation (RAG) can be combined with instruc- 054

tional structure to transform static textbook content 055

into interactive, pedagogically aligned learning ex- 056

periences (Lewis et al., 2021). We hypothesize 057

that, in low-resource educational settings, instruc- 058

tional structure combined with lightweight retrieval 059

grounding contributes more to learner usability 060

and short-term learning outcomes than model scale 061

alone, building on prior work showing the impor- 062

tance of structured interaction in intelligent tutoring 063

systems (Woo, 2009; Chaudhri et al., 2013) and re- 064

cent evidence that retrieval-grounded tutoring can 065

support effective learning without relying on large 066

proprietary models (Slade et al., 2024). To test 067

this design principle, we introduce an Interactive 068

AI Tutor built around a reproducible Textbook-to- 069

Interaction (T2I) pipeline that transforms chapter- 070

structured textbook content into instructional for- 071

mats, including storytelling modules, business case 072

simulations, and interactive challenges grounded 073

in retrieval-augmented generation (Lewis et al., 074

2021). Content creation is supported by a curated, 075

chapter-aligned dataset generated using DeepSeek 076

(AI, 2023a) and refined through manual validation 077

to ensure fidelity to the source material. 078

An early research prototype enabled us to as- 079

sess feasibility and learner experience under con- 080

strained computational settings. While this pro- 081

totype demonstrated the promise of interactive, 082

retrieval-grounded learning, it also surfaced prac- 083
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tical limitations related to access time, techni-084

cal setup, and usability for learners without pro-085

gramming experience. These insights motivated086

a human-centered redesign that transitions the tu-087

tor from a notebook-based research prototype to a088

deployed web-based system, with a focus on im-089

proving accessibility while preserving the core in-090

structional pipeline. This work is guided by the091

following research questions:092

1. How effectively can retrieval-augmented gen-093

eration combined with DeepSeek-generated094

drafts transform static textbook content into095

coherent and pedagogically aligned instruc-096

tional material?097

2. How do multiple interactive learning modes,098

including storytelling, business case simula-099

tions, and structured challenges, influence100

learner engagement and short-term learning101

perceptions?102

3. Is it feasible to deploy an AI-powered tutoring103

system in resource-constrained environments104

while maintaining usability and accessibility105

for non-technical users?106

Contributions. This paper introduces (1) a repro-107

ducible Textbook-to-Interaction pipeline for trans-108

forming chapter-structured open educational re-109

sources into multiple instructional formats beyond110

dialogue-based tutoring; (2) a curated, chapter-111

aligned dataset generated using DeepSeek and112

refined through manual validation; (3) a human-113

centered transition from a notebook-based proto-114

type to a deployed web-based learning system;115

and (4) an empirical evaluation combining pipeline116

analyses, a mixed-method user study, and deploy-117

ment analysis.118

2 Related Work119

Intelligent tutoring systems (ITS) aim to provide120

adaptive and personalized learning experiences121

(Woo, 2009). Recent advances in large language122

models (LLMs) have enabled conversational tu-123

toring, retrieval-grounded feedback, and dynamic124

content generation. However, many existing sys-125

tems emphasize dialogue-centric interaction, as-126

sume cloud-based deployment, and provide lim-127

ited support for chapter-aligned instruction over128

open educational resources (OER), leaving open129

questions around extensibility, reproducibility, and130

deployment feasibility.131

LLM-powered tutoring systems. Conversa- 132

tional tutors such as Newtbot (Lieb and Goel, 133

2024), Ruffle&Riley (Schmucker et al., 2023), and 134

Khanmigo (Khan Academy Labs, 2023) demon- 135

strate the effectiveness of LLM-based dialogue for 136

learning support, but primarily focus on conversa- 137

tional interaction and rely on cloud-scale or propri- 138

etary infrastructure. More recent work integrates 139

retrieval-augmented generation (RAG) into tutor- 140

ing systems: Slade et al. (Slade et al., 2024) and 141

Németh et al. (Németh et al., 2024) report usability 142

gains in coding and statistics education, yet provide 143

limited analysis of how retrieval interacts with al- 144

ternative instructional structures beyond dialogue 145

or how such systems generalize to constrained de- 146

ployment settings. 147

Interactive textbooks and retrieval-augmented 148

models. Prior to LLMs, Inquire Biology 149

(Chaudhri et al., 2013) illustrated the value of in- 150

teractive textbooks grounded in curated knowledge 151

bases, highlighting the importance of aligning in- 152

struction with source material. In parallel, retrieval- 153

augmented generation has been shown to improve 154

factual grounding in language models (Lewis et al., 155

2021). Broader retrieval-augmented and multi- 156

modal models, such as RAMM (Mialon et al., 157

2023), explore architectural advances but are not 158

tailored to educational pipelines or chapter-level 159

instructional design. Collectively, these works es- 160

tablish the promise of retrieval grounding, yet leave 161

open how it can be combined with pedagogical 162

structures such as storytelling, scenario-based rea- 163

soning, and structured challenges tied to OER. 164

Positioning. Prior work demonstrates the effec- 165

tiveness of LLM-based tutors and retrieval ground- 166

ing, but typically focuses on dialogue-only inter- 167

action and assumes substantial computational re- 168

sources, limiting accessibility and extensibility. 169

Few systems explore how multiple instructional 170

modes interact with retrieval grounding within a 171

single reproducible pipeline, or how such systems 172

can be deployed in accessible, low-resource set- 173

tings. 174

How our work extends this landscape. In con- 175

trast to prior LLM-based tutoring systems, our 176

work examines how retrieval grounding can be sys- 177

tematically integrated with multiple instructional 178

structures beyond dialogue within a single repro- 179

ducible pipeline. We further analyze deployment 180

under constrained resources, studying both curated 181
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System / Paper Modes OER Compute Artifacts Eval. Notes
Newtbot (Lieb and Goel, 2024) Dialogue ◦ Heavy / Cloud ◦ Usability Secondary physics
Ruffle&Riley (Schmucker et al., 2023) Dialogue ◦ Heavy / Cloud ◦ Mixed-methods Design insights
Khanmigo (Khan Academy Labs, 2023) Dialogue + tools ◦ Heavy / Proprietary ◦ Case studies Large-scale platform
Slade et al. (Slade et al., 2024) Dialogue + RAG ◦ Mixed Code Usability Coding courses
Németh et al. (Németh et al., 2024) Dialogue + RAG ◦ Mixed ◦ Pilot Statistics education
Inquire Biology (Chaudhri et al., 2013) QA over KB (non-LLM) Lightweight ◦ Classroom Pre-LLM interactive textbook
RAMM (Mialon et al., 2023) Multimodal gen. ◦ Heavy / Research Code Benchmarks Not education-specific
This work (T2I) Story, Cases, Multiple Challenges + RAG (single/multi) (OER + textbook PDFs) Low local compute (CPU-based) Dataset + Study Instruments + Code User study + Retrieval Web-based deployment

Table 1: Comparison of representative tutoring and RAG-in-education systems. “OER” indicates direct alignment
with open educational resources.

Figure 1: System overview of the Textbook Tutor plat-
form. Textbook content is ingested and indexed through
the Textbook to Interaction pipeline, enabling retrieval
grounded generation of stories, business cases, chal-
lenges, and question answering. The architecture sup-
ports both a curated single textbook workflow and a
flexible multi book workflow with user uploaded PDFs
through a web based interface.

single-textbook tutoring and flexible multi-book182

workflows grounded in open educational resources.183

3 Methodology184

We design Textbook Tutor as a modular, retrieval-185

grounded learning system to study how static text-186

book chapters can be transformed into interactive,187

chapter-specific learning experiences under practi-188

cal resource constraints. The system supports both189

a curated single textbook workflow and a flexible190

multi book workflow that ingests user uploaded191

PDFs. It is explicitly designed to operate under192

constrained computational settings while remain-193

ing accessible to non technical users through a web194

based interface.195

Figure 1 provides an overview of the system ar-196

chitecture and data flow. The figure illustrates how197

textbook content is processed through the Textbook198

to Interaction pipeline, beginning with content in-199

gestion and dataset preparation, followed by re-200

trieval grounded generation, and delivered to learn-201

ers through multiple interactive learning modes.202

3.1 Data Preparation and Pipeline Overview 203

For the curated single textbook workflow, we ex- 204

tract chapters from the OpenStax Workplace Soft- 205

ware and Skills textbook (OpenStax, 2023b) us- 206

ing PyMuPDF (Team, 2023). Chapters are seg- 207

mented by section headers and cleaned to remove 208

non instructional text. Using structured prompts 209

with DeepSeek (AI, 2023a), we generate chapter 210

summaries and up to five question answer pairs 211

per chapter. All generated content is manually re- 212

viewed to ensure factual accuracy and alignment 213

with the source material. The resulting chapter 214

aligned dataset underpins storytelling, challenge 215

generation, and guided question answering. 216

For the multi book workflow, users upload text- 217

book PDFs through the web interface. Uploaded 218

documents are processed through the same extrac- 219

tion and chunking pipeline, with metadata pre- 220

served at the book, chapter, and page level. This de- 221

sign enables consistent retrieval and generation be- 222

havior across both curated and user-provided text- 223

books, supporting direct comparison across work- 224

flows. The Textbook to Interaction pipeline con- 225

sists of four stages. First, chapter aligned content 226

is indexed using a lightweight retrieval layer de- 227

signed for efficient similarity search under limited 228

computational resources. In the curated workflow, 229

retrieval relies on chapter anchored summaries and 230

validated question answer pairs. In the multi book 231

workflow, uploaded content is chunked and indexed 232

using TF–IDF based representations (Salton and 233

Buckley, 1988), enabling robust lexical retrieval 234

without reliance on dense embedding infrastructure. 235

Second, retrieved content is passed to a lightweight 236

generation layer that produces grounded responses. 237

Third, learners interact with the system through 238

selectable learning modes. Fourth, learner activity 239

is tracked at the session level to support progress 240

visualization and analysis. 241

3.2 Interactive Learning Modes 242

The system supports multiple instructional modes 243

designed to promote engagement and conceptual 244

understanding. These include storytelling modules 245
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(sma, 2023) that transform chapter summaries into246

narrative explanations, business case (wri, 2023)247

simulations that map textbook concepts to real-248

istic workplace scenarios, and six types of inter-249

active challenges. The challenge types include250

flashcards, multiple choice questions, fill in the251

blank exercises, matching tasks, timed questions,252

and scenario based prompts with hints (Dicheva253

et al., 2015). All activities draw exclusively from254

validated chapter aligned content to reduce halluci-255

nation risk.256

Chapter-aware question answering. In addition257

to predefined learning modes, the system provides258

an interactive question answering interface that al-259

lows learners to ask free-form questions about the260

selected textbook chapter. The assistant constructs261

a compact context from the chapter summary and262

validated question–answer pairs and generates re-263

sponses grounded in this content. To support dif-264

ferent learning preferences, learners can control265

the answer style, requesting concise summaries,266

step-by-step explanations, or real-world illustrative267

examples while keeping the chapter context fixed.268

3.3 Deployment Architecture269

The deployed system follows a client server archi-270

tecture. The frontend is implemented using Stream-271

lit and provides the learner interface for chapter272

selection, mode switching, and interaction. Back-273

end services are implemented using FastAPI and274

manage document ingestion, retrieval, and gener-275

ation requests. This separation enables scalable276

deployment while keeping the learner interface277

lightweight. For generation, the system supports278

models suitable for constrained environments, in-279

cluding quantized lightweight language models280

such as Falcon RW 1B (Institute, 2023), while281

larger models are used during development and282

validation. This design choice enables practical283

public deployment without dependence on special-284

ized hardware. These design choices prioritize reli-285

ability and accessibility over model scale, aligning286

with our goal of evaluating interactive tutoring un-287

der realistic deployment constraints.288

3.4 Prompting and Retrieval Strategy289

We employ task specific prompt templates for sum-290

maries, storytelling, challenges, and question an-291

swering. At runtime, prompts are conditioned on292

retrieved chapter content and include explicit in-293

structions to remain grounded in the provided text.294

Generation is constrained by token limits and con- 295

servative decoding settings to promote concise and 296

faithful responses. 297

Retrieval is performed using lightweight similar- 298

ity based search strategies over chapter aligned con- 299

tent. A fixed top k retrieval policy is applied with- 300

out reranking. If no relevant content is retrieved 301

above a similarity threshold, the system abstains 302

from answering and instead prompts the learner 303

to revisit relevant sections. This design prioritizes 304

factual grounding and pedagogical reliability over 305

answer coverage. This conservative retrieval and 306

generation strategy is intentionally aligned with ed- 307

ucational settings, where grounding and reliability 308

are prioritized over open-ended response coverage. 309

4 Model Development 310

The model development of Textbook Tutor fol- 311

lowed a staged design process. We first employed 312

high-capacity language models during develop- 313

ment to generate and validate instructional content. 314

We then evaluated lightweight baseline models to 315

test feasibility under constrained computational set- 316

tings. Finally, the system was optimized for public 317

deployment with an emphasis on accessibility and 318

efficiency. This staged approach ensures that in- 319

structional quality is maintained without requiring 320

heavy computation at runtime. 321

4.1 Development and Prototype Models 322

During early development, we employed 323

large instruction-following models, including 324

mistralai/Mistral-7B-v0.1 (AI, 2023b) and 325

deepseek-ai/deepseek-coder-6.7b-instruct, 326

to generate chapter summaries, question–answer 327

pairs, and draft instructional material. These 328

experiments were conducted on a university 329

high-performance computing cluster (64 CPU 330

cores, 256 GB RAM, and up to 8 GPUs), enabling 331

rapid iteration over prompt design and content 332

validation. 333

The primary role of these models was offline con- 334

tent generation and dataset construction.All gener- 335

ated outputs were manually reviewed and refined 336

before being incorporated into the instructional 337

pipeline. These models are not used during learner- 338

facing interaction. To evaluate feasibility in con- 339

strained environments and support early user stud- 340

ies, we implemented a notebook-based prototype 341

in Google Colab using tiiuae/falcon-rw-1b (In- 342

stitute, 2023). This model was selected for its rela- 343
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tively small size and stable performance on free-tier344

CPU and GPU resources. We applied 4-bit quanti-345

zation using BitsAndBytes (Dettmers et al., 2022)346

to reduce memory usage and improve loading re-347

liability. While Falcon-RW-1B provides weaker348

generative performance than larger models, it en-349

abled interactive experimentation and empirical350

evaluation without specialized hardware, serving351

as a baseline for deployment feasibility.352

4.2 Deployed System and Lightweight353

Generation354

The final deployed system prioritizes accessibil-355

ity, robustness, and scalability. Rather than relying356

on large language models at runtime, Textbook357

Tutor adopts a lightweight, retrieval-grounded gen-358

eration strategy. For the curated single-textbook359

workflow, responses are constructed from chapter-360

aligned summaries and validated question–answer361

pairs. For the multi-book workflow, user-uploaded362

PDFs are indexed using TF-IDF-based retrieval,363

and responses are grounded in the most relevant re-364

trieved chunks. This approach avoids dependence365

on dense vector indexes or continuous model infer-366

ence, while preserving grounding and instructional367

fidelity.368

4.3 Conversational Assistant369

In addition to predefined learning modes, the sys-370

tem includes a chat-based, chapter-aware question371

answering assistant that allows learners to ask free-372

form questions about the selected textbook chap-373

ter. For each query, the assistant constructs a com-374

pact context from the chapter summary, validated375

question–answer pairs, and recent chat history, and376

generates responses using a hosted large language377

model via the OpenAI API. While the chapter con-378

tent serves as the primary grounding signal (Lewis379

et al., 2021), the assistant may additionally use380

general world knowledge to provide intuitive real-381

world examples and analogies.382

To accommodate different learning preferences,383

learners can control the answer style, requesting384

concise explanations, step-by-step reasoning, or385

real-world illustrative examples while keeping the386

chapter context fixed. The assistant is implemented387

using the gpt-4o-mini model and is intended to388

support exploratory learning. This component was389

not used in the user study, retrieval evaluations, or390

deployment analysis reported in this paper. We391

describe this component for completeness, but ex-392

clude it from all evaluations to avoid confounding393

instructional effects with proprietary models. 394

5 Evaluation 395

Evaluation Overview. We first present pipeline- 396

level ablations isolating retrieval grounding, in- 397

structional structure, and model capacity, followed 398

by a mixed-method user study validating usability 399

and learner experience. 400

Note. An earlier ARR cycle included a 30- 401

participant pilot; this revision reports the subse- 402

quent main study (N=62; 57 complete). 403

5.1 Pipeline-Level Ablation and Component 404

Analysis 405

We conduct controlled pipeline-level ablations to 406

isolate the effects of (i) prompt grounding, (ii) in- 407

structional structure, (iii) model capacity, and (iv) 408

retrieval strength, holding all other components 409

constant. 410

5.1.1 Prompt Grounding Ablation (RAG ON 411

vs. OFF) 412

To isolate the effect of retrieval grounding in gen- 413

eration, we compare responses generated with re- 414

trieval enabled against generation-only baselines 415

using identical prompts, models, and decoding pa- 416

rameters. Retrieval-augmented generation signif- 417

icantly improved rubric scores (mean total 3.9 vs. 418

2.7 out of 5; ∆ = 1.2, p < 0.001, r = 0.62), with 419

substantial inter-rater agreement (κ = 0.71). 420

5.1.2 Instructional Structure Ablation (MCQ 421

vs. Multi-Mode) 422

To isolate the effect of instructional structure in- 423

dependent of content and model configuration, 424

we compare single-mode interaction (MCQ-only) 425

against multi-mode interaction (MCQ, storytelling, 426

and scenario-based challenges). Participants ex- 427

posed to multi-mode learning showed larger objec- 428

tive concept-quiz gains than MCQ-only interaction 429

(median +2/8 vs. +0/8; p = 0.004, r = 0.49). 430

5.1.3 Model Capacity Ablation 431

To assess the impact of model scale, we compare a 432

lightweight model (Falcon-RW-1B) with a larger 433

model (Mistral-7B) under identical prompts, re- 434

trieval inputs, and decoding settings. Larger mod- 435

els outperformed lightweight baselines on faith- 436

fulness (exact-overlap 68% vs. 51%) and overall 437

rubric scores (+0.6/5; p = 0.02). 438
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Table 2: Chapter-level retrieval performance on the
merged chapter dataset (486 queries).

Retrieval Method Recall Precision
Precision / Recall @1 @3 @5 @1 @3 @5
TF–IDF 0.947 0.986 0.992 0.947 0.947 0.945
BM25 0.977 0.992 0.992 0.977 0.979 0.980
Hybrid (TF–IDF + BM25) 0.965 0.988 0.992 0.965 0.964 0.963

5.1.4 Retrieval Strength Ablation439

To evaluate whether lightweight retrieval is suffi-440

cient for grounding, we compare TF–IDF, BM25,441

and hybrid lexical retrieval strategies while holding442

generation fixed. Results show consistently high443

chapter-level recall and precision across all meth-444

ods, indicating that lightweight lexical retrieval is445

sufficient for reliable chapter-level grounding.446

Single-Book We evaluate the retrieval compo-447

nent independently using a chapter-aligned dataset448

derived from the curated single-textbook workflow.449

The evaluation set consists of 486 queries gener-450

ated from validated chapter-level questions. Each451

query is associated with a gold chapter, and re-452

trieval is considered successful if at least one re-453

trieved chunk belongs to the gold chapter.454

We compare three lightweight retrieval strate-455

gies designed for low-resource settings: TF–IDF,456

BM25, and a hybrid lexical retriever combining457

both. Results are shown in Table 2.458

Multi-Book Routing We evaluate multi-book459

routing using two complementary textbooks: Be-460

yond Coding (CAUL, 2023) and Computer Science461

((OpenStax, 2023a)). We construct manually cu-462

rated query sets of 100 queries and 250 queries,463

respectively, each labeled with its gold source text-464

book. Retrieval is considered correct if at least one465

of the top-k retrieved chunks originates from the466

correct textbook.467

We report Recall@k for k ∈ {1, 3, 5} and com-468

pare three lightweight retrieval strategies suitable469

for low-resource deployment: TF–IDF, BM25, and470

a hybrid lexical retriever. Results are shown in471

Table 3.472

Across both datasets, Recall@5 exceeds 0.80473

in all configurations and approaches 1.0 for the474

more structured Computer textbook. TF–IDF per-475

forms best at rank 1 for semantically phrased476

queries, BM25 provides stronger coverage at higher477

ranks, and the hybrid strategy consistently balances478

these strengths, achieving the best or near-best Re-479

call@1.480

Table 3: Multi-book retrieval performance (Recall@k)
across two textbooks.

Method Recall@1 Recall@3 Recall@5
Beyond Coding (CAUL, 2023)(100 queries)
TF–IDF 0.294 0.686 0.765
BM25 0.098 0.765 0.843
Hybrid 0.235 0.725 0.804
Computer (OpenStax, 2023a) (250 queries)
TF–IDF 0.504 0.972 0.984
BM25 0.504 0.984 0.996
Hybrid 0.516 0.976 0.992

5.2 User Study: Human-Centered Validation 481

(Colab Prototype) 482

5.2.1 Study Design 483

We conducted a mixed-method evaluation to assess 484

the tutor’s usability, engagement, and instructional 485

effectiveness. The study protocol was approved by 486

the university IRB (IRB2025-0182), and all partici- 487

pants provided informed consent. A total of 62 par- 488

ticipants accessed the system, and 57 completed 489

both pre- and post-assessments. Participants were 490

students or early-career professionals in computing- 491

related fields, recruited through university mailing 492

lists, social media (LinkedIn, WhatsApp), and fac- 493

ulty announcements. Participation was voluntary 494

and unpaid. 495

Each participant completed a single 45-minute 496

session in Google Colab. A pilot study with 5 497

participants helped refine instructions and survey 498

items. Sessions followed a consistent flow: (1) 499

a pre-assessment on AI familiarity and comfort, 500

(2) interaction with the tutor across storytelling, 501

business case, and challenge modes, and (3) a post- 502

assessment on perceived learning, usability, and 503

experience. Participants completed fixed pre- and 504

post-assessment instruments (full questionnaires in 505

Appx. F and Appx. G); both instruments were IRB- 506

approved and administered immediately before and 507

after the session. 508

To ensure a consistent experience, participants 509

received both a full guide1 and a concise mini 510

guide2, and embedded prompts within the note- 511

book offered step-by-step guidance during run- 512

time. Data collected included Likert-scale ratings, 513

open-ended feedback, and system logs (session 514

duration, number of activities completed, and in- 515

teraction frequency). Pre/post items targeted two 516

short-term learning proxies—familiarity and com- 517

1Anonymized documentation link provided in supplemen-
tary material.

2Anonymized documentation links provided in supplemen-
tary material.
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Table 4: Post-assessment descriptive statistics (N = 57).
Likert-scale items rated 1–5.

Feedback Item Mean Median SD
Overall experience 4.70 5.0 0.82
Ease of using the interface 4.60 5.0 0.94
Helpfulness of walkthroughs 4.70 5.0 0.82
Engagement of learning modes 4.70 5.0 0.50
Content clarity and quality 4.76 5.0 0.47
Ease of session completion 4.78 5.0 0.46
Would use again (1–5) 4.71 5.0 0.50

fort—alongside post-only usability and engage-518

ment items. We treat these measures as self-report519

proxies rather than objective learning gains. Quan-520

titative analyses employed descriptive statistics, ex-521

ploratory factor analysis, and non-parametric tests522

(Wilcoxon signed-rank, Mann–Whitney U); ordinal523

and nominal items are reported using frequencies524

rather than means. The conversational question525

answering assistant was not supported in the Co-526

lab prototype and was disabled during the study to527

ensure a consistent and controlled interaction flow528

across participants.529

5.2.2 Usability and Engagement530

Post-assessment feedback (Table 4) indicated531

strong positive reception. Mean ratings across all532

Likert-scale items exceeded 4.5, with participants533

reporting high ease of use (4.60), content clarity534

(4.76), and satisfaction with guided walkthroughs535

(4.70). Engagement of learning modes (4.70) and536

overall experience (4.70) were similarly rated. A537

total of 55 out of 57 participants (96%) reported538

improved understanding, and willingness to reuse539

the tutor scored 4.71, indicating strong perceived540

value.541

Exploratory factor analysis revealed two latent542

factors: Usability and Engagement and Content543

Quality. The Kaiser–Meyer–Olkin value was 0.674,544

and Bartlett’s test was significant (χ2 = 114.66,545

p < 0.001), confirming data suitability. Together,546

the factors explained 50.27% of the variance. In-547

ternal consistency was excellent for Usability (α =548

0.895), while Engagement and Content Quality549

showed modest reliability (α = 0.449). Given550

the heterogeneous nature of this construct and the551

small item set, we treat this factor structure as ex-552

ploratory and report full loadings in Appendix E.553

5.2.3 Learning Outcomes554

Wilcoxon signed-rank tests demonstrated sig-555

nificant improvements between pre- and post-556

assessments (Table 5). Self-reported familiarity557

Table 5: Pre- vs. post-assessment comparisons
(Wilcoxon signed-rank tests).

Comparison Pre Post Statistic p-value
Familiarity to Understanding 2.39 2.77 88.0 0.00003
Comfort to Experience 2.38 2.82 102.0 0.00061

increased from 2.39 to 2.77 (p < 0.001), while 558

comfort increased from 2.38 to 2.82 (p < 0.001), 559

indicating improved conceptual understanding and 560

confidence. 561

No significant differences were observed across 562

user subgroups based on initial familiarity or com- 563

fort (all p > 0.42), and effect sizes were negligible 564

(|δ| < 0.15), suggesting consistent improvements 565

regardless of prior experience. 566

5.3 Deployment Analysis 567

While the Colab prototype enabled controlled eval- 568

uation under constrained resources, it introduced 569

practical barriers including session time limits, de- 570

pendency setup, and the need for notebook interac- 571

tion. Several participants reported startup delays 572

and difficulty navigating runtime cells, consistent 573

with observed session logs. 574

Motivated by these findings, we redesigned and 575

deployed the system as a web-based platform using 576

a Streamlit frontend and a FastAPI backend. The 577

deployed system eliminates installation and note- 578

book execution requirements, supports one-click 579

browser access, and enables both a curated single- 580

textbook workflow and a flexible multi-book work- 581

flow with user-uploaded PDFs. To ensure accessi- 582

bility in low-resource environments, the deployed 583

system operates entirely on CPU using lightweight 584

TF–IDF retrieval and template-driven generation, 585

avoiding reliance on dense vector indexes or con- 586

tinuous large-model inference. Although we did 587

not conduct a second user study, the deployment di- 588

rectly addresses the dominant usability limitations 589

observed in the baseline evaluation and enables 590

browser-based conversational question answering. 591

6 Discussion 592

This section interprets the findings in relation 593

to the research questions and the design of the 594

Textbook-to-Interaction pipeline, emphasizing the 595

relative contributions of instructional structure, re- 596

trieval grounding, and deployment constraints as 597

evidenced in Section 5. 598

RQ1: Effectiveness of retrieval grounded con- 599

tent generation. Results from the objective 600
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pipeline evaluations show that retrieval augmented601

generation substantially improves factuality and602

grounding compared to generation without retrieval603

(Table 9). In addition, chapter level retrieval604

experiments demonstrate consistently high recall605

and precision across both curated and multi book606

settings (Table 2). These findings indicate that607

lightweight lexical retrieval, when combined with608

chapter aligned summaries and validated question609

answer pairs, is sufficient to support reliable and610

pedagogically aligned instructional generation.611

RQ2: Impact of multiple interactive learning612

modes. Evidence from the baseline user study613

indicates that learners respond positively to expo-614

sure across multiple instructional formats. Post615

assessment results show high engagement and us-616

ability ratings across storytelling, business case617

simulations, and structured challenges (Table 4).618

Moreover, the objective concept quiz comparison619

demonstrates that multi mode interaction yields620

larger learning gains than multiple choice questions621

alone (Table 10). Together, these results suggest622

that varied instructional structures support deeper623

conceptual engagement even within short learning624

sessions.625

RQ3: Feasibility of low resource deployment.626

Evaluation results and participant feedback high-627

light that while the notebook based prototype en-628

abled controlled study, it introduced usability bar-629

riers related to setup and session management.630

The redesigned web based deployment directly631

addresses these limitations by removing installa-632

tion requirements and operating entirely on CPU633

with lightweight retrieval and template driven gen-634

eration. Although no second user study was con-635

ducted, the deployment aligns closely with the us-636

ability issues identified in Section 5 and demon-637

strates practical feasibility for non technical users.638

Implications. Overall, the evaluation shows that639

effective interactive tutoring can be achieved with-640

out heavy infrastructure when retrieval grounding,641

instructional structure, and deployment constraints642

are jointly considered. The Textbook to Interaction643

pipeline provides a reusable framework for trans-644

forming open educational resources into accessible645

and engaging interactive learning experiences.646

7 Limitations and Future Work647

Despite strong usability and engagement results,648

this work has several limitations. First, the con-649

trolled user study was conducted on a notebook- 650

based prototype; while its findings directly in- 651

formed the redesigned web-based system, we did 652

not conduct a second quantitative user study af- 653

ter deployment. Second, learning outcomes were 654

measured primarily using short-term self-report 655

proxies, supplemented by a small objective con- 656

cept quiz, and do not capture long-term learning 657

or retention. Third, the system prioritizes ground- 658

ing and reliability through constrained retrieval and 659

generation, which may limit coverage for highly 660

open-ended or cross-document queries. Finally, 661

this work does not include direct comparisons with 662

other tutoring systems or commercial AI assistants. 663

We did not include a between-system baseline due 664

to the difficulty of deploying comparable tutoring 665

systems under identical low-resource constraints. 666

Future work will include longitudinal and 667

classroom-based evaluations, adaptive retrieval 668

strategies that better balance flexibility and ground- 669

ing, comparative studies with alternative tutoring 670

approaches, improvements to the efficiency and re- 671

sponsiveness of the conversational assistant, and 672

extensions to the web platform such as persistent 673

user accounts, instructor analytics, and support for 674

additional subjects and multimodal content. 675

8 Conclusion 676

This paper presented an Interactive AI Tutor that 677

transforms static textbook content into structured, 678

interactive learning experiences using a repro- 679

ducible Textbook-to-Interaction pipeline. The 680

system combines lightweight retrieval grounding 681

with multiple instructional modes, including story- 682

telling, case-based learning, structured challenges, 683

and question answering. Evaluation of an early pro- 684

totype showed high usability, strong engagement, 685

and improvements in short-term learning proxies, 686

motivating a human-centered transition to a web- 687

based deployment. Overall, this work demonstrates 688

that effective and accessible interactive tutoring can 689

be achieved without heavy infrastructure, and pro- 690

vides a practical framework for enhancing open 691

educational resources. Future work will explore 692

longer-term learning outcomes, real-world class- 693

room integration, and broader applicability across 694

domains and modalities. 695

Ethics Statement 696

The user study was conducted with voluntary par- 697

ticipation under university-approved IRB proto- 698
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col. No personally identifiable information was699

collected.700

Broader Impact701

This work aims to improve access to interactive702

learning using open educational resources and703

lightweight AI deployments. It can benefit learners704

in resource-constrained environments by enhanc-705

ing personalization and engagement. Limitations706

include dependency on internet access and evolving707

AI model reliability.708
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A Appendix799

B Core Textbook-to-Interaction Pipeline800

Textbook PDF T Interactive AI Tutor Experience801

Step 1: Chapter Extraction802

Extract chapter-wise content C = {c1, c2, ..., cn}803

from T using PDF parsing tools.804

Step 2: QA Dataset Generation805

chapter ci ∈ C Generate question–answer pairs806

QAi and summary Si using DeepSeek Coder-6.7B807

Store initial dataset D = {(QAi, Si, ci)}808

Step 3: Manual Review and Cleaning809

Filter for hallucinations, formatting issues, and fac-810

tual errors to produce cleaned dataset D∗811

Step 4: Semantic Indexing812

Embed QAi with MiniLM and store in FAISS vec-813

tor index V814

Step 5: Retrieval-Augmented Generation815

Use LangChain with index V to enable context-816

aware content retrieval and generation817

Step 6: Model Integration818

Internal high-resource environment Load Mistral-819

7B Low-resource environment (e.g., Colab) Load820

Falcon-RW-1B with 4-bit quantization using Bit-821

sAndBytes822

Step 7: User Interaction Layer823

Initialize user profile and preferences824

If user is new or walkthrough requested then825

Launch guided walkthrough with:826

• Step-by-step preview of all challenge types827

• Navigation controls (next/back/skip)828

• Visual prompts and tooltips829

Else830

Launch interactive learning modules:831

• Storytelling modules832

• Business case simulations833

• Interactive challenges:834

– Flashcards835

– Multiple-choice quizzes (MCQs)836

– Fill-in-the-blank tasks837

– Matching exercises838

– Timed questions839

– Scenario-based challenges with hints840

Step 8: Gamification and Feedback841

Track XP, level progression, and badge collection842

Provide real-time feedback and update learner dash-843

board844

C Operational metrics 845

D Baseline and Ablation Details 846

D.1 Rubric (0–5 scale) 847

We evaluated generated responses on three cri- 848

teria: (1) Factuality (0–2), measuring correct- 849

ness relative to the textbook source; (2) Ground- 850

ing/Traceability (0–2), measuring explicit linkage 851

to retrieved spans; and (3) Clarity (0–1), assessing 852

readability and coherence. Total possible score: 5. 853

Table 8 details the rubric. 854

D.2 Rater Agreement 855

Two independent raters scored all outputs using 856

the rubric above. Inter-rater reliability was κ = 857

0.71 (95% CI [0.62, 0.80]), indicating substantial 858

agreement. Disagreements were resolved through 859

adjudication. 860

D.3 RAG ON vs. OFF Results 861

D.4 Single vs. Multi-Mode Results 862

D.5 Model Comparison Results 863

D.6 Concept Quiz Items (Objective) 864

Below are representative items from the 8-question 865

concept quiz used in the single- vs. multi-mode 866

study. 867

• Q1: What is retrieval-augmented genera- 868

tion (RAG) and how does it improve factual 869

grounding? 870

• Q2: Describe two benefits of 4-bit quantiza- 871

tion in low-resource deployments. 872

• Q3: In the storytelling mode, what instruc- 873

tional purpose do reflective questions serve? 874

• Q4: What role does the FAISS index play in 875

semantic retrieval? 876

E Exploratory Factor Analysis Details 877

E.1 Factor Loadings and Communalities 878

Table 12 reports the factor loadings for post- 879

assessment items based on principal axis factoring 880

with varimax rotation. Two factors emerged, ex- 881

plaining a total of 50.27% of the variance (37.65% 882

for Factor 1 and 12.62% for Factor 2). Factor 1 883

corresponds primarily to Usability, while Factor 2 884

captures Engagement and Content Quality. 885
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Template Intent / Inputs Full Prompt Text (Simplified)
QA Generation Intent: Create up to N factual QA

pairs from a chapter excerpt.
Inputs: {chapter_title}, {chap-
ter_excerpt}, {N} (default 5)

System: You are an educational content author. Produce concise,
factual question–answer pairs strictly grounded in the provided
chapter excerpt. Avoid speculation.
User: Chapter: {chapter_title}. Excerpt: {chapter_excerpt}. Task:
Generate up to {N} QA pairs. Each pair must be answerable solely
from the excerpt. Use JSON schema: [ { "question": "...",
"answer": "...", "evidence_span": "..." }, ... ]. If
information is insufficient, omit that pair.

Summary Genera-
tion

Intent: Produce a short chapter sum-
mary.
Inputs: {chapter_title}, {chap-
ter_excerpt}, {max_words} (default
150)

System: You are summarizing textbook material for learners. Stay
faithful to the source; no external facts.
User: Chapter: {chapter_title}. Excerpt: {chapter_excerpt}. Task:
Write a concise summary ( {max_words} words) capturing key def-
initions, processes, and takeaways. Include no references beyond
the excerpt.

Storytelling Scaf-
fold

Intent: Transform a validated sum-
mary into a short workplace sce-
nario.
Inputs: {chapter_title}, {vali-
dated_summary}, {persona_A},
{persona_B}

System: You are an instructional designer. Create a realistic,
workplace-relevant micro-story aligned with the provided sum-
mary.
User: Summary: {validated_summary}. Task: Write a 120–180
word narrative featuring {persona_A} and {persona_B}. The sce-
nario must exemplify 2–3 core ideas from the summary (bold
key terms on first mention). End with a reflective question an-
swerable from the narrative. Output JSON: {"story": "...",
"reflective_question": "..." }.

Table 6: Prompt templates used in the Textbook-to-Interaction (T2I) pipeline. Braced fields are filled at runtime.

Setting / Rule Public (Falcon-RW-1B) Dev (Mistral-7B) Notes
Decoding temperature 0.7 0.3–0.5 Higher for storytelling;

lower for QA
Top-p (nucleus) 0.9 0.9 Paired with moderate

temperature
Top-k 50 50 Conservative cap to re-

duce drift
Max new tokens 256 256 (QA), 180 (story) Enforced at pipeline level
Repetition penalty 1.10 1.10 Mitigates loops
Stop sequences {"\n\n"} same Prevent runaway JSON /

paragraphs
Grounding mode Required Required Answers must cite re-

trieved span IDs
Similarity threshold θ 0.35 cosine 0.35 cosine If max sim < θ, abstain
Abstention response “I don’t have enough context to answer that.” same Followed by one clarify-

ing question
Evidence requirement At least one quoted / cited span per key claim same Regex check before out-

put
External web access Disabled Disabled Prevent leakage beyond

OER
Story length guard 120–180 words 120–180 words Keeps mode parity
JSON schema checks Strict (pydantic) Strict QA / story outputs vali-

dated

Table 7: Guardrails and decoding defaults. Values shown are the defaults used in our experiments unless otherwise
noted.
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Criterion Scoring Description
Factuality (0–2) 0 = Incorrect,

1 = Partially correct,
2 = Fully correct

Grounding (0–2) 0 = No evidence cited,
1 = Partial citation,
2 = Explicit and correct citation

Clarity (0–1) 0 = Unclear or incoherent,
1 = Clear and coherent

Table 8: Rubric used to score generated outputs in base-
line evaluations.

Metric RAG ON RAG OFF
Mean total score (0–5) 3.9 2.7
Factuality 1.8 1.2
Grounding 1.7 0.8
Clarity 0.4 0.7

Table 9: Comparison of assistant performance with and
without retrieval grounding (N=40 questions).

E.2 Communalities and Reliability886

Given the heterogeneous nature of the “Engage-887

ment/Content Quality” construct and the small item888

set, internal consistency was modest (α = 0.45).889

We therefore treat the two-factor solution as ex-890

ploratory. Future work will refine the item pool891

and validate the structure on a larger sample.892

F Pre-Assessment Questionnaire893

Participants completed the following pre-894

assessment form prior to using the AI Tutor. The895

form collected demographic information, prior896

experience with textbook learning and AI tools,897

learning preferences, and expectations from the898

system.899

F.1 Section 1: Basic Information900

• What best describes your current role?901

– High school or less902

– Associate’s degree903

– Bachelor’s degree904

– Master’s degree905

– PhD degree906

– Instructor/Professor907

Measure MCQ
Only

MCQ+
Story+
Scenario

Median concept quiz delta (0–8) +0 +2
p-value (Wilcoxon) 0.004
Effect size r 0.49

Table 10: Learning gains with single- vs. multi-mode
interaction (n = 20).

Metric Falcon-
RW-1B

Mistral-
7B

Exact overlap with retrieved spans 51% 68%
Mean rubric total (0–5) 3.2 3.8
p-value 0.02

Table 11: Model comparison on 30 held-out prompts.

Item Factor1
(Usability)

Factor2
(Engagement
/Content)

Overall experience 0.885 0.026
Ease of using the interface 0.881 0.224
Helpfulness of walkthroughs 0.833 -0.160
Engagement of learning modes -0.011 0.599
Content clarity and quality 0.076 0.512
Ease of session completion -0.009 0.246

Table 12: Exploratory factor loadings for post-
assessment items (N = 57). Principal axis factor-
ing with varimax rotation. Total variance explained:
50.27%.

– Working Professional 908

– Other 909

• How familiar are you with using AI-based 910

educational tools? (Very familiar / Somewhat 911

familiar / Not familiar at all / Other) 912

F.2 Section 2: Previous Experience with 913

Textbook Learning 914

• How often do you use textbooks for learn- 915

ing? (Daily / Weekly / Occasionally / Rarely / 916

Never) 917

• Have you used any interactive or digital learn- 918

ing platforms before? (Yes / No) 919

F.3 Section 3: Experience with Digital 920

Learning Platforms 921

• Please list any digital learning platforms 922

you’ve used. 923

F.4 Section 4: Learning Preferences & 924

Expectations 925

• Which learning methods do you prefer? 926

(Reading text / Watching videos / Interactive 927

quizzes / Case-based learning / Storytelling / 928

Group discussions) 929

• What are your main learning goals with the 930

AI Tutor? 931

• What do you expect from an AI-powered edu- 932

cational tool? 933
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F.5 Section 5: Technical Readiness934

• How comfortable are you with using tools like935

Google Colab or Jupyter Notebooks? (Very936

comfortable / Somewhat comfortable / Not937

comfortable)938

• Have you used any AI-driven tools before?939

(Yes / No / Maybe)940

F.6 Section 6: Experience with AI Tools941

• If yes, please describe the tools you’ve inter-942

acted with and your experience using them.943

F.7 Section 7: Expectations from the AI Tutor944

• What kind of content do you expect the AI Tu-945

tor to help you with? (Subject-specific knowl-946

edge / Study skills / Test preparation / Real-947

world applications / Problem-solving)948

• Do you prefer a personalized or standardized949

learning experience? (Personalized / Standard-950

ized / No preference)951

• What features would you want in an AI-952

powered learning tool?953

G Post-Assessment Questionnaire954

After completing their interaction with the AI955

Tutor, participants filled out the following post-956

assessment questionnaire. The form was designed957

to evaluate usability, user engagement, content958

quality, technical performance, and overall expe-959

rience. Responses informed our analysis of short-960

term learning impact and user satisfaction.961

G.1 Section 1: Basic Information962

• What best describes your current role?963

– High school or less964

– Associate’s degree965

– Bachelor’s degree966

– Master’s degree967

– PhD degree968

– Instructor / Professor969

– Working Professional970

– Other971

• How did you access the AI Tutor?972

– Through Google Colab directly973

– Researcher sent me the link974

– Other975

G.2 Section 2: Overall Experience 976

• How would you rate your overall experience 977

with the AI Tutor? 978

(1 = Very Poor . . . 5 = Excellent) 979

• How easy was it to use the AI Tutor interface? 980

(1 = Very Difficult . . . 5 = Very Easy) 981

• How helpful were the guided walkthroughs in 982

getting started? 983

(1 = Not helpful . . . 5 = Very helpful) 984

• How engaging did you find the different learn- 985

ing modes (Business Case, Storytelling, Chal- 986

lenges)? 987

(1 = Not Engaging . . . 5 = Very Engaging) 988

G.3 Section 3: Challenge Types 989

• Which challenge types did you try? 990

– Flashcards 991

– Multiple-Choice Questions (MCQ) 992

– Fill in the Blanks 993

– Match the Answers 994

– Timed Questions 995

– Scenario-Based Challenges 996

• Which challenge type was the most effective 997

for your learning? Why? 998

• Was the feedback (XP points, cor- 999

rect/incorrect indicators, progress tracking) 1000

helpful in understanding your performance? 1001

(Yes / No / Maybe) 1002

G.4 Section 4: Performance and Content 1003

• How would you rate the quality and clarity of 1004

the content presented in the AI Tutor? 1005

(1 = Very Poor . . . 5 = Excellent) 1006

• Overall, how easy was it to complete your 1007

learning session with the AI Tutor? 1008

(1 = Very Difficult . . . 5 = Very Easy) 1009

• Did the AI Tutor help improve your under- 1010

standing of the concepts? 1011

– Yes, significantly 1012

– Yes, somewhat 1013

– Neutral 1014

– No, not really 1015

– No 1016

• How would you describe the speed and per- 1017

formance of the AI Tutor in Google Colab? 1018
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– Fast and smooth1019

– Acceptable1020

– A bit slow1021

– Very slow or laggy1022

– Didn’t work properly1023

G.5 Section 5: Suggestions and Future Use1024

• What features would you like to see added in1025

the future?1026

• Would you use the AI Tutor again if it were1027

available as a public website? (Yes / No /1028

Maybe)1029

• Any other comments or suggestions to im-1030

prove the AI Tutor?1031

H XP Schedules and Level Thresholds1032

H.1 XP Reward Schedule1033

Table 13 shows the XP reward structure used in1034

the prototype implementation. Points are awarded1035

for completing different interactive challenge types,1036

and their share of total XP reflects relative contri-1037

bution to learner progression.1038

Challenge Type XP per
Attempt

Share of To-
tal XP (%)

Flashcards (Flip) 5 7.5
MCQ quiz 10 14.9
Fill-in-the-Blank 10 14.9
Match-the-Answers 12 17.9
Timed questions 15 22.4
Scenario-based (Hint) 15 22.4

Table 13: XP reward schedule for interactive challenges.

H.2 Level Progression Thresholds1039

Learners advance through levels as they accumu-1040

late XP. Table 14 lists the XP requirements for each1041

level and the cumulative total needed for progres-1042

sion.1043

Level XP to Next Cumulative XP
1 → 2 50 50
2 → 3 75 125
3 → 4 100 225
4 → 5 125 350
5 → 6 150 500
6 → 7 175 675
7 → 8 200 875
8 → 9 225 1100

9 → 10 250 1350
10 → 11 275 1625

Table 14: XP thresholds for each level in the gamifica-
tion engine.
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