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Abstract

Generative AI is rapidly entering higher-education classrooms, yet remarkably lit-

tle is known about how individual students actually interact with an AI peer during

open-ended collaborative problem solving. This study examines the full range of

human–GenAI interaction patterns that emerge when undergraduates collaborate

with a large language model (LLM)-based peer to solve calculus optimization prob-

lems, and identifies the interaction conditions under which that collaboration is

educationally productive.

Thirty students used a web-based platform that pairs each participant with an

LLM peer through an information-splitting (jigsaw) task structure, making col-

laboration structurally necessary rather than optional. Full conversation and in-

teraction logs were captured and coded using a multi-agent automated scoring

pipeline grounded in the PISA 2015 Collaborative Problem Solving (CPS) ma-

trix. A qualitative case analysis of eight purposively selected conversations then

identified eight distinct participation roles: the Co-Regulator, the Recalibrating

Collaborator, the Low-Effort Guesser, the Delegating Director, the Misaligned Fol-

lower, the Low-Engagement Answer-Seeker, the Efficient Knowledge Seeker, and

the Early Disengager. These roles reveal that human–GenAI collaboration is far

from monolithic: students who sustain a shared cognitive state with the AI peer,

externalize their reasoning, and negotiate intermediate steps achieve substantially

better outcomes (OR ≈ 10.83) than those who delegate, disengage, or interact at

a transactional level.

Quantitative trace-based clustering confirmed two interaction profiles: a higher-

interaction cluster where 71% of students solved both tasks, and a lower-interaction

cluster where only 19% did. The automated scorer showed promising validity

evidence at broad process and competence levels (human–LLM κ = .60; human–

human κ = .80). Students perceived the AI feedback as useful (86.7%) and the

peer as easy to use (80.0%).

These findings provide a theoretically grounded typology of student–GenAI inter-

action in higher education and show that effective AI-peer collaboration requires

deliberate design of both the task structure and the feedback loop. Implications

for profile-sensitive AI-peer design and formative feedback are discussed.

12
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1 Introduction14

Generative AI tools are entering higher-education classrooms faster than researchers can15

characterize how students actually use them. Yet the central question for learning tech-16

nology is not whether students interact with AI, but how — and whether those interaction17

patterns constitute educationally productive collaboration. When an LLM functions as a18

peer rather than a tutor or a search engine, a new and largely unexplored set of questions19

emerges: Do students co-regulate with the AI, externalize their reasoning, and maintain20

a shared cognitive state? Or do they delegate, disengage, or engage in a transactional21

exchange that bypasses the collaborative process entirely? These questions are practically22

urgent for instructors deploying AI-peer tools in STEM courses, where the structure of23

collaboration — not just the presence of AI — determines whether students learn (Law et24

al., 2025; OECD, 2017). They also carry theoretical stakes: human–GenAI collaboration25

does not map neatly onto existing frameworks for human–human or human–scripted-agent26

interaction, because LLMs can sustain open-ended, contextually responsive dialogue in27

ways that previous systems could not (Oppenheimer et al., 2025; Yue et al., 2024). Under-28

standing the range of interaction patterns that emerge, the mechanisms that distinguish29

productive from unproductive ones, and what task and feedback designs promote the for-30

mer is therefore a central research priority for educational technology in higher education.31

This paper addresses that priority by studying human–GenAI interaction in the con-32

text of collaborative calculus problem solving, an ecologically realistic and academically33

consequential activity. Collaborative Problem Solving (CPS) is increasingly recognized34

as a core 21st-century competency, spanning cognitive dimensions (planning, execut-35

ing, monitoring, and adapting strategies) and social-regulatory dimensions (perspective-36

taking, participation, coordination, and co-regulation) (Chai et al., 2024; Hesse et al.,37

2015; Sun et al., 2020). In mathematics, these dimensions are particularly consequential:38

problem-solving requires not only executing procedures but also articulating reasoning,39

interpreting representations, and negotiating strategies with a partner (Felmer, 2023).40

At the same time, measuring how CPS actually unfolds during open-ended dialogue has41

remained methodologically difficult. Existing large-scale approaches trade authenticity42

for scalability by constraining interaction to scripted agent dialogue (as in PISA 2015),43

which may suppress key mechanisms of collaboration such as negotiation, sustained ar-44

gumentation, and emergent coordination (Graesser et al., 2020; Herborn et al., 2020).45

Human–human settings preserve richer dynamics but require time-intensive hand-coding46

that is prohibitively costly at scale (Hao et al., 2025). LLM-based peers create a new47

option: they can sustain open-ended, naturalistic dialogue while also producing machine-48

readable interaction logs that support automated, process-based measurement (Forsyth49

et al., 2024; Hou et al., 2025). This combination makes it possible, for the first time, to50

study how students actually interact with an AI peer at a level of behavioral specificity51
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that goes beyond “used the chatbot” or “solved the task.”52

The rapid development of large language models (LLMs) offers a promising approach53

to addressing this gap. Unlike earlier scripted agent systems, LLMs can generate coherent,54

contextually appropriate responses that sustain multi-turn dialogue, allowing interactions55

that more closely resemble collaborative reasoning and communication (Forsyth et al.,56

2024; Oppenheimer et al., 2025; Yue et al., 2024). This capability enables a new class of57

“human–AI collaboration” environments in which the AI does not act solely as a tutor or58

evaluator but as a peer collaborator that participates in joint problem-solving (Oppen-59

heimer et al., 2025). Recent work in authentic collaborative settings further argues that60

generative AI should be understood not merely as a tool, but as part of hybrid human–AI61

knowledge-building systems whose effectiveness depends on communication, role struc-62

ture, and the orchestration of joint activity (Law et al., 2025). Importantly, LLMs also63

create an opportunity on the measurement side: the same generative and interpretive64

capabilities that support natural dialogue can be leveraged to automate the coding of65

communication data, reducing dependence on manual annotation and opening the door66

to scalable, log-based CPS assessment in open-ended settings (Hao et al., 2025). In par-67

allel, recent work has explored the use of automated planning and intelligent support to68

provide real-time scaffolding for regulatory skills in collaborative contexts (Author et al.,69

2022), suggesting that technology can both elicit and support CPS behaviors.70

However, leveraging LLMs for CPS assessment raises key design and measurement71

questions. If an AI agent is both a participant in the collaboration and part of the72

assessment pipeline, the system must be designed to ensure that interactions are suffi-73

ciently authentic to elicit meaningful CPS behaviors, while remaining structured enough74

to support interpretation and measurement. One established approach to eliciting col-75

laboration is to design tasks that enforce positive interdependence, for example, through76

information-splitting (jigsaw) structures in which partners must share complementary77

resources to succeed (Andrews-Todd & Forsyth, 2020; Author et al., 2021). When imple-78

mented in a peer dialogue interface, information-splitting can promote behaviors aligned79

with CPS indicators — such as resource sharing, role coordination, and building shared80

understanding — by making collaboration functionally necessary rather than optional.81

In this paper, we present the development and evaluation of a web-based platform that82

enables undergraduate students to collaborate with an LLM peer to solve two calculus-83

based optimization problems. The LLM peer is prompt-engineered to play a role that84

requires interdependence and sustained dialogue in order to reach a correct solution. The85

platform is grounded in the PISA 2015 CPS framework, targeting a matrix of social86

and cognitive competencies (OECD, 2017). Beyond facilitating collaboration, the system87

captures detailed interaction logs and dialogue and provides automated CPS feedback.88

To enable scalable measurement in open-ended settings, we propose a PISA-grounded,89

message-level CPS scoring pipeline in which a three-agent mixture-of-experts classifies90
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each student turn along social and cognitive dimensions before synthesizing a final code91

and quality rating. These message-level codes are then aggregated into task-level and92

student-level CPS indices that support both research analysis and formative feedback.93

To address these gaps, this study examines how an LLM-based peer environment can94

be designed and analyzed to elicit and assess collaborative problem solving in undergrad-95

uate mathematics. More specifically, we focus on a setting that combines information-96

splitting, open-ended peer dialogue, and process-based measurement in order to examine97

not only whether students solve the tasks, but also how collaboration unfolds through-98

out the interaction. The study therefore distinguishes among task-level CPS differences,99

student-level interaction profiles, and qualitative participation patterns, while also pro-100

viding initial validation evidence for the automated scoring pipeline used to support these101

analyses.102

Accordingly, we investigate the following research questions:103

• RQ1 (Perceived feasibility): How do students perceive the usability and useful-104

ness of collaborating with an LLM peer and receiving automated CPS feedback?105

• RQ2 (Task-level CPS differences and interaction profiles): What task-level106

CPS differences and student-level interaction profiles emerge from the platform107

traces, and how are they related to achievement?108

• RQ3 (Qualitative participation patterns): How do representative students en-109

act collaboration with the LLM peer, and how do qualitative participation patterns110

help interpret the quantitative interaction profiles?111

2 Review of the Literature112

This review covers (i) CPS frameworks and the authenticity–scalability trade-off in assess-113

ment, (ii) trace- and process-based CPS measurement, (iii) LLMs as peers and the quality114

of human–GenAI interaction, and (iv) LLMs as automated coders of CPS evidence.115

2.1 CPS frameworks, assessment, and the authenticity–scalability trade-off116

CPS is defined as the capacity to engage effectively in a process in which two or more117

agents share understanding and effort to reach a solution (OECD, 2017). The PISA 2015118

CPS framework operationalizes this as a skills matrix crossing three collaborative com-119

petencies (establish and maintain shared understanding (1); take appropriate action (2);120

establish and maintain team organization (3)) with four cognitive processes (explore and121

understand (A); represent and formulate (B); plan and execute (C); monitor and reflect122

(D)), yielding 12 cells that can be inferred from interaction evidence such as informa-123

tion sharing, coordination moves, and monitoring behavior (Graesser et al., 2018; OECD,124
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2017). Complementary frameworks (e.g., ATC21S) converge on the dual cognitive–social-125

regulatory structure of CPS (Chai et al., 2024; Griffin & Care, 2014; Hesse et al., 2015),126

motivating the use of dialogue traces as the primary evidence source.127

A central measurement challenge is the authenticity–scalability trade-off. PISA 2015128

addressed scalability through Human–Agent (H–A) interactions with simulated partners,129

but constrained agent designs (menu-based chat, scripted dialogue) suppress negotiation130

and emergent coordination, limiting ecological validity (Graesser et al., 2020; Herborn131

et al., 2020; Rosen, 2015). Human–Human (H–H) settings preserve richer discourse but132

require intensive coding and introduce partner-variability noise (Scoular & Care, 2020).133

Importantly, Author et al. (2021) showed that neither format is inherently superior: valid134

CPS scores depend on aligning task design, evidence opportunities, and coding logic — a135

principle that motivates the information-splitting and automated scoring approach used136

here.137

2.2 Trace-based CPS measurement and LLMs as collaborative peers138

Process-oriented measurement leverages digital traces (dialogue, clickstreams, action se-139

quences) rather than final outcomes to infer CPS indicators (Chai et al., 2024; Mislevy et140

al., 2003). This is conceptually sound but practically difficult: mapping open-ended dia-141

logue to CPS codes has historically required labor-intensive annotation (Andrews-Todd &142

Forsyth, 2020; Flor et al., 2016; Hao et al., 2017), an ongoing bottleneck that has forced143

assessments to constrain interaction formats at the expense of authenticity (Hao et al.,144

2025).145

LLMs offer a way out of this bind on both sides. As peers, they can sustain contextually146

coherent, multi-turn dialogue that enables open-ended collaboration — acting as a partner147

rather than a tutor (Oppenheimer et al., 2025; Yue et al., 2024). Forsyth et al. (2024)148

showed that prompt-engineered LLM conversations are more naturalistic than scripted149

assessments, and Hou et al. (2025) demonstrated a multi-agent assessment architecture150

that jointly manages dialogue and evidence collection. As coders, the same generative151

capabilities can be turned to automated classification of interaction data with limited152

task-specific training, enabling an “LLM-as-a-judge” paradigm for CPS (Hao et al., 2025;153

Li et al., 2024). Design risks remain — overly direct assistance reduces productive struggle154

(Sætra, 2022), and hallucinations and scoring inconsistencies require validation (Chu et155

al., 2025; Emirtekin, 2025) — but the dual role of LLMs as both elicitors and coders of156

CPS evidence creates a new class of measurement-enabled learning environments that this157

paper exploits.158
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2.3 Human–GenAI interaction quality: patterns, risks, and productive con-159

ditions160

The growing use of generative AI in higher education has prompted research into how161

students actually engage with AI-based tools, and what interaction patterns lead to pro-162

ductive versus unproductive outcomes. A consistent finding across contexts is that expo-163

sure to AI assistance does not uniformly improve learning or collaboration; rather, effects164

are highly contingent on how students position the AI and how much cognitive work they165

externalize during the interaction (Oppenheimer et al., 2025; Yue et al., 2024). Studies166

examining AI use in academic tasks have identified meaningful variability in interaction167

depth: some students engage in genuine back-and-forth dialogue that externalizes rea-168

soning and invites contingent responses, while others interact transactionally — issuing169

requests and accepting outputs without engaging critically with the AI’s contributions170

(Chu et al., 2025; Sætra, 2022).171

A central concern in this literature is over-reliance and automation bias: the tendency172

for students to accept AI-generated outputs uncritically, reducing the cognitive effort they173

invest in problem solving (Emirtekin, 2025). Over-reliance appears especially prevalent174

in tasks where the AI can plausibly produce a correct-looking answer without requiring175

the student to understand the underlying logic — a risk that is acute in STEM domains,176

where procedural outputs may look correct but obscure conceptual gaps (Chu et al.,177

2025). Complementary work shows that the degree of productive struggle preserved during178

AI-assisted tasks matters for learning: when AI tools are designed to absorb the full179

procedural burden, students may succeed on the immediate task while retaining shallow180

conceptual understanding (Sætra, 2022).181

These concerns motivate deliberate task and interaction design. Information-splitting182

structures, in which students and AI hold complementary task-relevant information, are183

one approach to making delegation structurally costly: if the AI lacks the student’s in-184

formation, the student cannot simply outsource reasoning without first contributing it185

(Andrews-Todd & Forsyth, 2020; Author et al., 2021). Similarly, Law et al. (2025) found186

in an interdisciplinary hackathon context that generative AI contributed most produc-187

tively when integrated into shared communicative routines rather than used as a stand-188

alone answer engine. The implication for AI-peer design is that structural features of189

the interaction — role definitions, information asymmetry, and scaffolding style — shape190

whether students co-regulate with the AI or merely consume its outputs.191

A related challenge concerns the quality of interaction evidence available to instructors.192

Current AI-use studies typically rely on outcome measures (task scores, survey ratings) or193

coarse behavioral indicators (session duration, number of queries). These are informative194

but insufficient for understanding the mechanism: whether a student succeeded with the195

AI through genuine co-construction, or around it through strategic minimal engagement196
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(Baker et al., 2004; Muldner et al., 2011). Process-based measurement that codes the type,197

content, and sequence of student contributions during AI-assisted collaboration can reveal198

these distinctions and provide the basis for profile-sensitive instructional support. The199

present study contributes to this research gap by providing a behaviorally rich typology200

of human–GenAI interaction roles grounded in a validated CPS framework.201

2.4 LLM-enabled automated coding and assessment of CPS traces202

Beyond serving as collaborators, LLMs also have potential as automated coders of inter-203

action traces — an especially consequential possibility for CPS assessment, where open-204

ended dialogue is a primary source of evidence. Prior trace-based approaches often relied205

on supervised models trained on extensive labeled data or on feature-engineered represen-206

tations, which can miss semantic nuance in social-regulatory language (Flor et al., 2016;207

Hao et al., 2017). Recent work argues that LLMs can classify complex behaviors from208

text with limited task-specific training, enabling an “LLM-as-a-judge” paradigm in which209

models evaluate interaction segments according to explicit criteria (Li et al., 2024). A210

key claim in this line of work is that, given a well-defined coding framework, LLMs can211

code CPS-related communication with performance comparable to that of human raters,212

thereby reducing the scalability barrier that has historically constrained assessment design213

(Hao et al., 2025).214

However, LLM-driven scoring raises new questions about validity and reliability. Al-215

though LLMs can be efficient, they may exhibit biases, sensitivity to prompting, and216

inconsistency across runs, which motivates careful validation and transparent reporting217

practices (Emirtekin, 2025). In addition, when LLMs are embedded as both participants218

(peers) and assessors, researchers must consider how system design shapes the evidence219

being scored and how scoring rules relate to the intended construct (Mislevy et al., 2003).220

These issues are particularly important for CPS, where the construct involves both cog-221

nitive and social dimensions and where interaction patterns can be influenced by agent222

behavior.223

A recent methodological direction is to decompose complex coding decisions into mul-224

tiple smaller decisions rather than relying on a single monolithic rater. In CPS contexts,225

this decomposition is theoretically sensible because the PISA matrix itself crosses social226

competencies with cognitive processes. A mixture-of-experts approach can therefore ask227

one model to judge the collaborative dimension, another to judge the cognitive-process228

dimension, and a third to synthesize them into a final CPS code. This design may im-229

prove transparency, reduce the decision space for each agent, and make disagreement or230

ambiguity more diagnosable than in a single-pass classifier.231

Finally, trace-based assessment is increasingly positioned not only for summative scor-232

ing but also for formative scaffolding. When a system can infer collaboration states from233

traces, it can potentially intervene to support regulation and coordination (Author et al.,234
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2022, 2023). This motivates “closed-loop” measurement-enabled learning environments in235

which the collaborative agent elicits evidence, the scoring mechanism interprets it, and236

the system provides targeted feedback to learners. The present study builds on this tra-237

jectory by combining (i) an interaction design that enforces interdependence and elicits238

CPS-relevant evidence (Andrews-Todd & Forsyth, 2020; Author et al., 2021) with (ii) a239

multi-agent automated scoring approach grounded in the PISA CPS framework (OECD,240

2017), and (iii) a mixed-methods feasibility study that examines scorer validation, task-241

level CPS differences, interaction profiles, and qualitative participation patterns.242

3 System and Task Design243

This section describes the platform as a measurement-enabled learning system: it (i)244

orchestrates an LLM-mediated peer collaboration experience, (ii) captures fine-grained245

interaction traces, and (iii) produces automated CPS scoring outputs and feedback aligned246

to the PISA 2015 CPS framework. We focus on the elements essential to interpreting the247

method and the study results, rather than implementation-level engineering details.248

3.1 Design goals249

The system was designed to address three requirements that are typically difficult to250

satisfy simultaneously in CPS assessment:251

1. Authentic collaboration: enable open-ended dialogue that supports explanation,252

negotiation, and coordination.253

2. Standardized partner behavior: keep the “peer” experience sufficiently consis-254

tent across learners so that observed differences reflect learners’ interaction patterns255

rather than uncontrolled partner effects.256

3. Trace-based measurement: capture interaction evidence (dialogue + actions)257

at sufficient granularity to support automated, indicator-aligned CPS scoring and258

feedback.259

To meet these requirements, the platform combines an LLM-based peer collaborator260

with an automated CPS analysis pipeline that operates on the conversation and interac-261

tion logs after (and, optionally, during) task completion.262

3.2 System overview263

At a high level, the platform is organized as a multi-agent measurement pipeline that con-264

nects the student’s problem-solving experience to automated CPS evidence and feedback.265

The core idea is a separation of roles : an LLM-based peer participates in the collab-266

oration, while distinct agents/services orchestrate, log, analyze, and report interaction267

evidence.268
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Two agents shape the collaborative interaction: the Responding Agent participates269

as a Calculus I peer, alternating responsibility with the student to propose deductions or270

calculations while avoiding complete single-turn solutions; and the Provocateur Agent,271

which issues brief, empathetic prompts (e.g., “What does your part of the data tell you?”)272

to elicit information sharing, shared understanding, and monitoring moves without pro-273

viding mathematical content. A background safety filter screens incoming messages, and274

a Verifying Agent monitors evolving consensus on the mathematical solution state. All275

dialogue and key workspace actions are time-stamped and logged for downstream CPS276

scoring. Figure 3 summarizes the end-to-end flow.277

3.3 Data captured for measurement278

The platform captures two complementary categories of traces:279

1. Dialogue traces: the full sequence of student and LLM peer messages, preserving280

conversational context (e.g., requests for clarification, coordination moves, agree-281

ment/disagreement, monitoring statements).282

2. Interaction/action traces: time-stamped events that describe learners’ engage-283

ment with the workspace (e.g., task navigation, reading/consulting resources, sub-284

missions, and interactions with embedded task artifacts such as dynamic graphs or285

GeoGebra applets when instrumented). These traces support process-based anal-286

yses (e.g., interaction profiles) and provide context for interpreting dialogue (e.g.,287

whether a student consulted a resource before proposing a plan).288

Together, these traces enable two downstream measurement functions used in this289

paper: (i) profile discovery from log features (e.g., activity levels, messaging patterns,290

time-on-task), and (ii) automated CPS scoring aligned to PISA indicators using the dia-291

logue as the primary evidence source.292

3.4 Task design: information-splitting to enforce interdependence293

The platform includes two calculus-based optimization tasks designed to elicit CPS behav-294

iors through information splitting (jigsaw), a structure that distributes complementary295

resources among collaborators, requiring mutual exchange and coordination for success.296

Across both tasks, the design principle is the same:297

• Each student and the LLM peer has access to different pieces of task-relevant infor-298

mation (e.g., partial constraints, contextual facts, intermediate results, or hints).299

• Neither party can reliably solve the problem on its own.300

• Progress requires CPS-relevant behaviors such as sharing information, establish-301

ing shared understanding, coordinating a plan, and monitoring/repairing misunder-302

standings.303
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Task 1: Multi-zone optimization In the first task, students solve an optimization304

problem that involves multiple regions or conditions (e.g., distinct “zones”) that must305

be coordinated to identify a global optimum. Information splitting is implemented by306

providing the student with constraints and representations, while the LLM peer has access307

to complementary information needed to formulate and verify the full optimization setup.308

The task encourages:309

Figure 1: Multi-agent architecture and data flow between the student workspace, the
LLM-based peer, and the automated CPS analyzer.

• Representing and formulating jointly (agreeing on variables/constraints)310

• Planning and executing collaboratively (assigning subtasks, checking deriva-311

tives/conditions)312

• Monitoring and reflecting (verifying boundary cases and correcting errors)313

Task 2: Optimization with an unknown function In the second task, students314

work with a scenario in which a key function is not explicitly provided upfront, requiring315

inference, interpretation of representations, or coordination across partial information. As316

in Task 1, the student and the peer hold complementary information resources. The task317

is designed to elicit:318

• Exploring and understanding (clarifying what is known vs unknown)319

• Discovering perspectives and resources (requesting missing information)320

• Maintaining team organization (tracking assumptions, aligning next steps)321

By using two tasks with the same underlying interaction logic (interdependence +322

open-ended dialogue) but different mathematical structures, the platform aims to elicit323



Eight Participation Roles in Human–GenAI Collaboration 10

Figure 2: Multi-agent architecture and data flow between the student workspace, the
LLM-based peer, and the automated CPS analyzer.

CPS evidence across multiple problem contexts while keeping measurement aligned to a324

common indicator framework.325

Figure 3: Functional overview of the multi-agent peer and measurement pipeline used in
this study (orchestration, safety gating, peer interaction, trace capture, verification, CPS
scoring, and feedback reporting).

4 Automated CPS Scoring Method326

The pipeline converts open-ended student–LLM dialogue into PISA-grounded CPS evi-327

dence. The PISA 2015 matrix (four cognitive processes × three collaborative competen-328

cies) is operationalized as a closed set of 12 message-level codes (A1–D3), where the letter329

denotes the cognitive process and the number the competence. The full codebook with330

examples and tie-breaking rules is in Appendix A.331
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4.1 Three-agent scoring pipeline and aggregation332

Three LLM-based agents operate sequentially on each student message: (1) a Social333

expert assigns the dominant collaborative competence; (2) a Cognitive expert assigns334

the dominant cognitive process; (3) a Judge/synthesizer fuses the two into a final code335

(A1–D3) and assigns an ordinal quality score (1 = weak evidence, 2 = clear evidence, 3336

= strong evidence). All agents receive the full cumulative prior dialogue so that short or337

ambiguous turns (e.g., yes, ok, formula fragments) can be resolved in context.338

The pipeline produces three nested output levels: message-level (code, quality, agent339

rationales for auditability), task-level (counts, shares, and integrated code indices per340

task), and student-level (global and subdimensional CPS summaries across both tasks).341

For each code c and task t, an integrated index combines frequency share and normalized342

quality with equal weighting (0.5/0.5); execution-heavy codes receive 0.4/0.6 weighting to343

account for opportunity dependency. The primary global CPS index is the mean of the 12344

code-level integrated indices. Full index formulas are provided in the online supplementary345

materials.346

5 Method347

This study reports a pilot, mixed-methods, within-subjects evaluation of an LLM-mediated348

peer collaboration environment for two Calculus I optimization tasks.349

5.1 Participants and setting350

Participants were undergraduate students at a private Chilean university enrolled in or351

having completed Calculus I, recruited via institutional LMS and email. Of 59 registrants,352

30 completed both tasks and the post-activity questionnaire and were included in the353

analyses.354

5.2 Procedure355

The study protocol was ethically approved; informed consent was obtained before regis-356

tration. In a single online session, participants completed two calculus optimization tasks357

(displayed problem statement, open-ended chat collaboration, final submission), then a358

post-activity questionnaire. Information splitting ensured that the student and the LLM359

peer held complementary data, making dialogue necessary. All dialogue and workspace360

actions were time-stamped and logged; automated CPS scoring was applied post-session361

as described in Section 4.362
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5.3 Measures363

All questionnaire items used a 5-point Likert agreement scale. Perceptual measures in-364

cluded: perception of AI-generated feedback (7 items), perception of the virtual agent (14365

items), collaboration self-efficacy (9 items), and attitudes toward collaboration (12 items).366

All four scales showed adequate internal consistency and unidimensional structure in this367

pilot sample (α > .95 for all scales; EFA details available upon request). Task success368

was coded 0/1 per task and as a total success sum (0–2). Interaction trace features (to-369

tal actions, messages, average message length, time-on-task) were aggregated across both370

tasks. Automated CPS metrics were derived as described in Section 4. A gold-standard371

subset of 76 student messages from four conversations was independently coded by two372

human raters for scorer validation.373

Task success. For each task, success was coded as 0/1 based on whether the par-374

ticipant reached the correct solution. We additionally computed a total success indicator375

reflecting whether the participant solved both tasks correctly, as well as a total success376

sum (0–2).377

Interaction trace features. From platform logs, we derived behavioral indicators378

per task and in aggregate, including: (a) total number of recorded workspace actions, (b)379

number of student chat messages, (c) average student message length, and (d) time-on-380

task.381

Automated CPS metrics. Using the scoring pipeline described in Section 4, we382

computed message-level CPS codes and quality scores for student turns, task-level counts/shares383

and integrated CPS indices, and student-level CPS summaries across the two tasks. In384

the quantitative analyses we use (i) a primary global CPS index, (ii) process-level and385

competence-level shares, and (iii) selected auxiliary indicators such as overall normalized386

quality and code-distribution entropy.387

Human-coded benchmark subset. To evaluate the scorer, we used a gold-standard388

subset of four conversations comprising 76 student messages. Two human raters indepen-389

dently coded these messages with the same message-level codebook and resolved dis-390

agreements through consensus. This subset was used to compute human–human and391

human–LLM agreement.392

5.4 Method of analysis393

Quantitative analyses used Python (pandas, scipy, scikit-learn, statsmodels), α = .05 two-394

sided, and nonparametric tests given the modest sample size. The analysis proceeded in395

four stages. Stage 1 (Section 5.5) established scorer validation against the human-coded396

benchmark. Stage 2 compared Task 1 and Task 2 using Wilcoxon signed-rank and McNe-397

mar tests. Stage 3 identified interaction profiles by k-means clustering on z-standardized398

trace features (actions, messages, message length, time-on-task), evaluated profile quality399
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with silhouette, Calinski–Harabasz, and Davies–Bouldin indices, then related profiles to400

achievement using Fisher’s exact test and nested logistic models (self-efficacy baseline; plus401

dialogue volume; plus global CPS; plus CPS subdimensions). Linear models examined402

cluster membership as a predictor of the primary CPS index and total achievement sum.403

Stage 4 (qualitative) conducted thematic memoing on eight purposively sampled con-404

versations, selected to preserve variation in achievement and CPS composition (Creswell405

& Plano Clark, 2017), focusing on regulatory quality, scaffolding uptake, and reasoning406

externalization.407

5.5 Scorer validation408

We examined whether the multi-agent scorer produced CPS labels that aligned reasonably409

with human judgment before using it as the primary analytic instrument for the study’s410

substantive questions. Two expert raters independently coded a stratified benchmark411

subset of 76 student messages drawn from four conversations (spanning both tasks, both412

interaction clusters, and multiple achievement outcomes). Table 1 summarizes agreement413

at three levels of granularity.414

Table 1: Agreement for the gold-standard benchmark subset at three levels of granularity.

Comparison level n Accuracy Cohen’s κ Macro-F1

Human–human (12 codes) 76 0.829 0.801 0.789

Human–human (process level) 76 0.921 0.880 0.872

Human–human (competence level) 76 0.895 0.841 0.897

Human–LLM (12 codes) 76 0.658 0.599 0.491

Human–LLM (process level) 76 0.737 0.606 0.710

Human–LLM (competence level) 76 0.855 0.781 0.858

Note. The table reports agreement for the full 12-code CPS labeling scheme and for two broader
summaries: the cognitive-process level (explore and understand (A)–monitor and reflect (D)) and the

collaborative-competence level (establish and maintain shared understanding (1)–establish and
maintain team organization (3)).

Human–human agreement was substantial to near-perfect across all three levels, con-415

firming the benchmark itself as a reliable gold standard. The automated scorer per-416

formed best at broader construct levels: agreement was moderate at the full 12-code level417

(κ = .60) and substantially stronger at the collaborative-competence level (κ = .78), in-418

dicating that the pipeline more reliably captures which kind of collaborative contribution419

is being made than every fine-grained code boundary.420

Figure 4 illustrates that most disagreement occurred between adjacent competence421

categories. We therefore use the scorer in the remainder of the paper as a process-422

sensitive analytic instrument at the process and competence levels, while treating the423

present evidence as initial rather than definitive.424
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Figure 4: Confusion matrix for the collaborative-competence level in the human–LLM
validation subset.

6 Results425

Results address the three substantive research questions in sequence. Unless otherwise426

noted, analyses use the final sample of participants who completed both tasks and the427

post-activity measures (n = 30). Total achievement is coded as 1 when a participant428

solved both tasks correctly and 0 otherwise.429

6.1 RQ1: Perceived feasibility430

Participants reported positive perceptions of both the virtual peer and the feedback. In431

the post-activity questionnaire, 86.7% of participants agreed that the automated feedback432

was useful, and 80.0% agreed that the virtual peer was easy to use. Table 2 summarizes433

descriptive statistics for the main perceptual measures by total-achievement group. Over-434

all ratings were positive across groups, with only modest mean differences. Students did435

not merely “tolerate” the system: mean ratings for both the agent and the feedback were436

above 4 on a 5-point scale, which indicates generally favorable reactions even in this early437

pilot. The scale checks reported in Section 5.3 also suggest that these questionnaire scores438

behaved coherently enough to be treated as interpretable summaries of perceived feedback439

quality, agent quality, collaboration self-efficacy, and collaboration attitudes.440

Table 3 contextualizes these perceptions with interaction traces and the new primary441

CPS index. Participants who solved both tasks showed substantially more engagement442

on average (more actions and messages, longer messages, and more time on task) and also443

higher primary CPS scores. Students who solved both tasks did not just finish with more444
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Table 2: Descriptive statistics for perceptual measures by total achievement (1 = solved
both tasks correctly).

Achievement = 0 (n = 17) Achievement = 1 (n = 13)

Measure M SD M SD

Calculation self-efficacy 3.235 0.752 3.000 1.000

Feedback perception 4.068 1.083 4.033 1.009

Agent perception 4.029 1.045 4.205 1.023

Collaboration self-efficacy 4.151 0.985 4.085 1.042

Attitude toward collaboration 3.876 0.898 4.214 1.005

Note. Perceptual variables are 5-point post-activity ratings. Higher values indicate more positive
perceptions, stronger self-efficacy, or more favorable attitudes.

correct answers; they also tended to stay longer, write more, and make their reasoning445

more visible in the interaction logs. In this sense, the descriptive results already point446

toward a process difference, not only an outcome difference.447

Table 3: Descriptive statistics for trace-based interaction measures and the primary CPS
index by total achievement.

Achievement = 0 (n = 17) Achievement = 1 (n = 13)

Measure M SD M SD

Total actions (both tasks) 47.294 40.444 73.538 37.629

Total messages (both tasks) 15.882 11.554 24.846 13.843

Avg. message length (both tasks) 22.828 13.131 36.592 22.070

Total time-on-task (min; both tasks) 17.739 15.454 26.621 15.570

Primary automated CPS index 17.224 5.754 21.339 8.061

Note. Trace variables aggregate student behavior across the two tasks. The primary automated CPS
index is the student-level integrated CPS summary derived from the multi-agent coding pipeline.

6.2 Task-level CPS patterns448

The two tasks elicited distinct task-level CPS profiles. Task 2 yielded higher success than449

Task 1 (McNemar p = .035; Wilcoxon p = .022), while the two tasks differed sharply450

in interaction and CPS composition. The two tasks did not behave like interchangeable451

items from the same pool: they pulled for different kinds of collaboration and differed in452

difficulty. Table 4 reports selected within-participant contrasts.453

Task 1 elicited more messages, actions, and execution-oriented moves associated with454

plan and execute (C) and take appropriate action (2), whereas Task 2 elicited more ex-455

ploratory behavior associated with explore and understand (A) and more shared-understanding456

behavior associated with establish and maintain shared understanding (1), and it yielded457

higher success. Task 1 looked more like a heavy “working-through-the-math” task, whereas458

Task 2 elicited fewer turns but proportionally more exploration and shared-understanding459

moves and was easier to complete.460
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Table 4: Selected within-participant differences between Task 1 and Task 2 (Wilcoxon
signed-rank tests). Positive mean differences indicate higher values in Task 2; negative
values indicate higher values in Task 1.

Measure Median E1 Median E2 Mean diff
(E2−E1)

p

Actions 47.50 1.00 -56.47 < .001

Messages 12.00 2.00 -7.70 < .001

plan and execute (C) share 51.19 0.00 -27.94 < .001

explore and understand (A) share 21.76 50.00 28.64 < .001

Primary task-level CPS index 15.63 9.72 -4.16 .001

take appropriate action (2) share 15.00 0.00 -14.07 .010

establish and maintain shared
understanding (1) share

28.99 50.00 15.40 .037

Success 1.00 1.00 0.30 .022

Note. Task-level CPS variables summarize the distribution of message-level codes within each task.
Shares are percentages of student turns coded in each process or competence category.

6.3 RQ2: Interaction profiles and achievement461

This section reports two related but distinct quantitative results. First, we examine task-462

level CPS differences, that is, how the two exercises elicited different distributions of coded463

collaborative and cognitive behavior. Second, we identify student-level interaction profiles464

from the aggregated platform traces and examine how those profiles relate to achievement.465

To identify interpretable student-level interaction profiles, we clustered participants466

using four standardized interaction-trace features aggregated across the two tasks: to-467

tal actions, total messages, average message length, and total time on task. The two-468

cluster solution was clearly the most stable and interpretable (average silhouette = 0.536;469

Calinski–Harabasz = 46.10; Davies–Bouldin = 0.696), and we therefore retained it as the470

primary quantitative profile solution.471

Table 5 shows the resulting profile means. Cluster 1 reflected a lower-interaction472

profile; Cluster 2 reflected a higher-interaction profile characterized by substantially more473

sustained dialogue, longer messages, longer time on task, and higher primary CPS scores.474

Figure 5 provides a two-dimensional projection of this retained solution. Although the475

figure is only a visualization of the higher-dimensional clustering space, it helps show that476

the retained profiles are not arbitrary partitions of nearly identical students; rather, they477

correspond to a clear lower-interaction/higher-interaction contrast across the standardized478

trace variables.479

The association between interaction profile and total achievement was statistically480

significant (χ2(1) = 6.43, p = .011; Fisher’s exact p = .009). Students in the higher-481

interaction profile were substantially more likely to solve both tasks (10/14) than students482

in the lower-interaction profile (3/16), yielding an odds ratio of approximately 10.83 (95%483

CI: [1.7, 108.3]). Students in the higher-interaction profile solved both tasks at a rate of484
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Table 5: Interaction profile means for the retained two-cluster solution.

Measure Low interaction
(n = 16)

High interaction
(n = 14)

Total actions 25.63 96.43

Total messages 10.19 30.71

Avg. message length 17.69 41.48

Total time-on-task (min) 9.69 35.19

Primary automated CPS index 14.30 24.39

take appropriate action (2) share 10.12 25.85

establish and maintain team organization (3)
share

53.57 38.72

explore and understand (A) share 43.27 24.11

monitor and reflect (D) share 3.39 16.15

Total achievement (0/1) 0.19 0.71

Total achievement sum (0–2) 1.06 1.71

Note. Interaction profiles were derived from standardized trace variables (actions, messages, average
message length, and time-on-task). CPS rows report profile-level averages of the student-level

summaries.

Figure 5: Principal-component projection of the retained two-cluster interaction solution.



Eight Participation Roles in Human–GenAI Collaboration 18

about 71%, compared with only 19% in the lower-interaction profile. In practical terms,485

this was not a marginal difference: students who sustained richer interaction with the486

agent were much more likely to complete the full two-task sequence successfully. The487

odds ratio of 10.83 means that, within this pilot sample, the odds of fully solving the488

two-task sequence were about eleven times higher for students in the higher-interaction489

profile than for students in the lower-interaction profile. The wide confidence interval490

reflects the small sample size and should be interpreted accordingly; replication with a491

larger sample is needed before drawing definitive conclusions about the magnitude of the492

effect.493

We then asked what the new CPS metrics add beyond simple dialogue volume. A494

sequence of nested logistic models showed that adding the primary global CPS index495

did not materially improve the baseline-plus-volume model, but adding selected CPS496

subdimensions did. Table 6 summarizes the model comparison.497

Table 6: Nested logistic models predicting total achievement.

Model Predictors AIC McFadden R2 Accuracy AUC

M1 Self-efficacy
only

44.48 0.014 0.60 0.568

M2 Self-efficacy +
message volume

43.23 0.093 0.70 0.686

M3 M2 + primary
global CPS
index

45.14 0.095 0.70 0.710

M4 M2 + take
appropriate
action (2) share
+ monitor and
reflect (D) share

44.31 0.164 0.80 0.765

Note. M2 uses message volume as the aggregate dialogue-volume control. M4 shows that selected CPS
subdimensions improved classification more than the primary global CPS index in this pilot sample.

The coefficients in the best-performing model (M4) suggested that the share of take498

appropriate action (2) moves was more promising than the global CPS index as an ex-499

planatory variable, even though the coefficient did not reach conventional significance in500

this pilot sample (B = 0.72, p = .100). The overall pattern is theoretically important:501

the global index captures meaningful variation, but some of its predictive value overlaps502

heavily with interaction volume. More interpretable subdimensions may therefore be more503

informative than the total score alone. In practical terms, the best model was the one504

that combined simple message volume with a small number of theoretically meaningful505

CPS subdimensions. Its 0.80 accuracy means that it classified about 8 out of 10 students506

correctly in this sample, and its AUC of 0.765 indicates a noticeably better-than-chance507

ability to separate students who solved both tasks from those who did not.508

This interpretation is reinforced by the linear models. Interaction-cluster membership509
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explained 53.0% of the variance in the primary CPS index (B = 10.09, p < .001). When510

total achievement sum was modeled as a function of interaction-cluster membership and511

calculus self-efficacy, the cluster effect remained significant (B = 0.653, p = .004), while512

self-efficacy did not. Together, these analyses suggest that the higher-interaction profile513

remains the strongest quantitative organizing pattern in the dataset, while the new CPS514

metrics add explanatory depth primarily through selected subdimensions rather than515

through a single global score. Substantively, this means that profile membership marked516

a large gap in observed collaborative performance: the primary CPS index was roughly 10517

points higher on average in the higher-interaction profile, and cluster membership alone518

accounted for more than half of the between-student variation in that index. Likewise,519

once profile membership was known, calculus self-efficacy added little explanatory value520

for total achievement sum in this pilot.521

We also inspected exploratory CPS-only cluster solutions in parallel with the retained522

two-cluster interaction solution. Although a five-cluster CPS solution slightly improved523

some internal fit indices, it produced smaller and less stable groups that were difficult to524

interpret substantively in this pilot sample. We therefore did not retain it as a primary525

quantitative result. Instead, for qualitative sampling and interpretation only, we used526

an exploratory four-cluster CPS solution because it offered a more interpretable theory-527

guided spread of cases without over-fragmenting the sample. Accordingly, the two-cluster528

interaction solution remained the primary inferential clustering result, whereas the four-529

cluster CPS solution served only as an interpretive aid for qualitative case selection.530

6.4 RQ3: Qualitative participation patterns in eight conversations531

To complement the quantitative analyses, we conducted a thematic case analysis of eight532

representative conversations. The cases were selected through cluster-informed purposive533

sampling anchored in the retained two-cluster interaction solution from Section 6.3, while534

preserving maximum variation in total achievement (solved, partial, failed) and in the535

emerging CPS composition patterns. This qualitative sample was therefore explanatory536

rather than representative: it was designed to clarify the mechanisms behind the quan-537

titative interaction profiles with information-rich cases, not to estimate new frequencies.538

The qualitative analysis did not replace the PISA-grounded coding; rather, it interpreted539

how those coded behaviors were enacted in practice, focusing on power relations with540

the AI, responses to Socratic scaffolding, mathematical autonomy, and the visibility of541

students’ reasoning. Accordingly, the interaction profiles reported in Section 6.3 refer to542

quantitative student-level groupings derived from platform traces, whereas the qualitative543

participation patterns developed here refer to recurrent case-based ways in which students544

enacted collaboration with the LLM peer. In other words, the cases were used to explain545

the quantitative results in Sections 6.2–6.3, not to stand apart from them. All quoted546

excerpts in this section are translated from Spanish for readability.547
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Table 7 makes this bridge explicit by showing, for each case, its interaction-cluster548

membership and total achievement alongside the qualitative macro-/micro-profile labels.549

Table 7: Representative qualitative cases used to interpret the quantitative profiles.

StudentInteraction
profile

Achievement Macro-family Micro-profile Interpretive summary

E4 High (27 msgs) Solved (2.0) High-engagement
collaborative regulator

The Co-Regulator Highly engaged, mathematically productive; actively
maintains shared understanding and coordination.

E5 High (22 msgs) Solved (2.0) Engaged but initially
misaligned

The Recalibrating
Collaborator

Starts active but misaligned, then adapts and uses
the agent as a complementary partner.

E11 High (31 msgs) Solved (2.0) Low-effort minimally
elaborative

The Low-Effort
Guesser

Stays active but avoids deeper algebraic restructur-
ing; relies on arithmetic trial-and-error.

E18 High (50 msgs) Solved (2.0) High-engagement
delegation-oriented

The Delegating
Director

Highly engaged while increasingly delegating proce-
dural work to the agent, retaining oversight.

E25 Low (12 msgs) Partial (1.0) High-dependence
misaligned

The Misaligned
Follower

Depends heavily on the agent yet fails to build a cor-
rect shared representation.

E2 Low (4 msgs) Solved (2.0) Low-engagement
answer-dependent

The
Low-Engagement
Answer-Seeker

Minimally elaborative; repeatedly seeks direct an-
swers without engaging the scaffolding prompts.

E6 Low (6 msgs) Failed (0.0) Self-reliant
low-externalization

The Efficient
Knowledge Seeker

Uses the agent for targeted knowledge but external-
izes too little reasoning for reciprocal collaboration.

E28 Low (6 msgs) Solved (2.0) Low-effort
non-collaborative

The Early
Disengager

Little sustained effort or collaboration; quickly aban-
dons meaningful uptake of the scaffolding.

Note. Interaction profile reports cluster membership (Section 6.3); message count links qualitative cases
to aggregate traces. Achievement: 2.0 = solved both tasks; 1.0 = partial; 0.0 = failed both.

Macro-families summarize broad collaboration orientations; micro-profiles name the specific interaction
role.

Rather than forming a simple progression from “weak” to “strong” collaboration, the550

cases revealed three cross-case tensions that qualify the quantitative results.551

First, successful task completion did not guarantee collaborative engagement with the552

AI. E2 and E28 both belonged to the lower-interaction profile yet still solved both tasks. In553

E2, the student repeatedly asked for direct guidance — “Guide me” and later “What is the554

answer?” — with little reciprocal uptake of the agent’s prompts. In E28, the interaction555

moved quickly from “Give me more information” to “I have no idea” and then to minimal556

follow-up. These cases suggest that successful outcomes can occur even when relatively557

little CPS becomes visible in the dialogue, whether because part of the mathematical work558

happens off-chat or because the task can be completed with very limited interaction. If559

we looked only at the final score, both students would look equally successful, yet their560

dialogues show almost no sustained collaborative work with the agent. The qualitative561

evidence therefore helps explain why achievement cannot be treated as a direct substitute562

for visible CPS.563

Second, high interaction was not equivalent to high-quality collaboration. E4 and564

E11 both belonged to the higher-interaction profile and both solved the tasks, but they565

did so very differently. E4 repeatedly externalized reasoning and helped keep the shared566

problem state aligned through utterances such as “I can see a rectangle with base A567

and height B” and later “I was wrong, there are two critical points”. E11, by contrast,568

remained in the activity while relying on low-effort arithmetic trial-and-error, for example569

“I propose a height of 2.5 and a base of 2.5” and “You give me the values”. The qualitative570

memos therefore clarify that the volume-based interaction cluster captures an important571

participation difference, but not the semantic or regulatory quality of that participation.572

Third, the cases point to concrete design opportunities for future LLM peers. E18573
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remained highly engaged but increasingly offloaded execution through imperative turns574

such as “You do it” and “Check the calculations yourself ”, whereas E25 and E28 illus-575

trate how the interaction can drift into misalignment or disengagement when common576

ground is weak. These contrasts suggest that future agents could benefit from lightweight577

real-time profiling: over-delegation might trigger prompts that require the student to578

externalize the next formula or reasoning step, while early disengagement or persistent579

misalignment might trigger motivational or common-ground-repair prompts instead of580

further task exposition. In practical design terms, the cases suggest that one-size-fits-all581

support is unlikely to be enough. The next best move for an over-delegating student is582

different from the next best move for a disengaged student or a misaligned student.583

Taken together, the qualitative layer clarifies why a single global CPS index is useful584

but insufficient on its own. The cases show that the same quantitative profile can contain585

very different collaboration mechanisms, and that some students with successful outcomes586

nevertheless make very little collaboration visible. Conversely, some students who remain587

highly engaged do not necessarily collaborate symmetrically. This is precisely why the588

mixed-methods design matters: the quantitative analyses identify broad participation589

patterns, while the memos explain the interactional logic behind those patterns.590

7 Discussion591

This study set out to examine how undergraduate students interact with a generative AI592

peer during open-ended collaborative problem solving, and what conditions distinguish593

productive from unproductive human–GenAI collaboration in higher-education mathe-594

matics. The study contributes three layers of evidence: a behaviorally grounded typology595

of eight participation roles, quantitative evidence linking interaction patterns to achieve-596

ment, and initial validation of an automated scoring pipeline that makes process-based597

measurement of human–GenAI interaction feasible at scale.598

Three main conclusions emerge. First, human–GenAI collaboration is not monolithic.599

The eight participation roles identified here span a wide behavioral space — from students600

who co-regulate genuinely, maintaining a shared cognitive state with the AI and exter-601

nalizing reasoning at each step, to those who delegate procedural work while retaining602

oversight, to those who disengage or interact at a purely transactional level. This typology603

addresses a key gap in the literature on human–GenAI interaction in higher education:604

simply knowing that a student “used an AI” conveys little about whether that inter-605

action constituted educationally valuable collaboration. Second, the new scorer shows606

encouraging but bounded validity evidence. Agreement with humans is strongest at the607

broader collaborative-competence and cognitive-process levels and more modest at the608

finest 12-code level, which suggests that the scoring pipeline is currently better suited to609

detecting types of collaborative/cognitive moves than to making psychometrically strong610
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claims about every fine-grained code boundary. Third, interaction quality still matters611

greatly: the most robust quantitative pattern in the study remains the distinction be-612

tween low- and higher-interaction profiles, with the latter associated with substantially613

better achievement (OR ≈ 10.83) and higher CPS indices. Critically, this is not simply614

a story about interaction volume: the qualitative cases show that the productive mech-615

anisms involve keeping reasoning visible, maintaining common ground, and distributing616

cognitive responsibility in ways that allow the AI to respond contingently.617

These findings can be situated within recent work on co-regulation, socially shared reg-618

ulation, and group awareness in collaborative learning. Reviews of classroom assessment619

as co-regulated learning emphasize that productive assessment environments depend not620

only on what is measured, but also on whether interaction makes thinking visible enough621

for reciprocal regulation to occur (Andrade et al., 2021). Similarly, group-awareness and622

regulation research shows that collaboration benefits when partners can keep a shared623

model of progress, misunderstanding, and next steps visible to one another (Author et624

al., 2022; Schnaubert & Bodemer, 2022). Our qualitative cases extend this logic to human–625

LLM collaboration: the strongest dialogues were not merely longer, but more successful626

at externalizing assumptions, progress, and uncertainty in ways that enabled the agent627

to act as a meaningful peer rather than as a mere answer provider.628

7.1 Why does interaction still matter so much?629

The new analyses sharpen the interpretation of the higher-interaction pattern documented630

in Section 6.3. The strongest quantitative signal is not simply that more messages cor-631

relate with more CPS. Rather, students in the higher-interaction profile showed more632

mathematically elaborated dialogue, more monitoring/reflection activity associated with633

monitor and reflect (D), and a larger share of contributions associated with take appropri-634

ate action (2). In other words, their higher activity was accompanied by interaction forms635

that are more consistent with productive problem solving. The strongest quantitative sig-636

nal is therefore not “chat more and you will succeed,” but something narrower: students637

who kept the interaction going also tended, on average, to externalize more mathemat-638

ically actionable work and more monitoring/reflection, which are precisely the kinds of639

moves that help a partner respond contingently.640

The study cautions against two overly simple readings. First, higher achievement641

does not guarantee stronger CPS: E2 and E28 solved both tasks while showing weak642

uptake of the AI’s scaffolding and little visible reciprocal reasoning, a pattern consistent643

with outcome success coexisting with shallow support-system engagement (Baker et al.,644

2004; Muldner et al., 2011). Second, higher interaction does not guarantee higher-quality645

collaboration: E4 and E11 were both high-interaction solvers, but E4 co-regulated contin-646

uously while E11 stayed at an arithmetic, trial-and-error level. Neither achievement nor647

message volume is a sufficient proxy for CPS quality. Process-based evidence is needed648
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to distinguish solving with the peer from solving around the peer.649

These tensions align with profile-oriented CSCL research showing that learner clusters650

differ in regulatory quality, not only in participation volume (De Backer et al., 2022). Our651

cases sharpen that finding for human–LLM contexts: E4 exemplifies co-regulated learning652

(externalizing equations, monitoring the joint state, updating after errors); E6 and E18653

reduced the agent’s regulatory capacity by internalizing reasoning or over-delegating ex-654

ecution. The eight participation roles thus represent meaningfully distinct collaboration655

mechanisms, not a simple engagement continuum.656

7.2 What does the multi-agent scorer add?657

The scorer’s value lies in enabling subdimensional profiling rather than a single total score.658

The primary global CPS index was meaningful (it differed by achievement group and659

cluster) but correlated strongly with message volume. In nested logistic models, adding660

the global index over self-efficacy and dialogue volume changed little; adding selected661

subdimensions (especially the take appropriate action (2) share, and to a lesser extent the662

monitor and reflect (D) share) improved the model substantially (Table 6). This aligns663

with work arguing that CPS is best understood as patterned combinations of social and664

cognitive activity, not undifferentiated totals (Lu et al., 2022). The scorer’s most useful665

role is therefore as an intermediate analytic layer that distinguishes broad CPS profiles666

— exploring vs. executing vs. monitoring vs. delegating — between raw turn volume667

and rich qualitative interpretation.668

7.3 Implications for formative assessment and LLM-peer design669

The results reported across the three substantive findings sections (Sections 6.1–6.4) have670

two design implications. From an assessment perspective, LLM peers can do more than671

host interaction: when combined with a transparent coding pipeline, they can generate672

multiple layers of CPS evidence — message-level, task-level, student-level, and profile-level673

— that can support formative feedback. From a task-design perspective, the comparison674

between Task 1 and Task 2 shows that different information-split structures elicit different675

forms of CPS. This is encouraging because it means the platform can be used not only676

to score collaboration, but also to design tasks that selectively surface different parts677

of the CPS construct. In practical terms, this means the platform can support richer678

teacher-facing interpretations than “correct/incorrect” or “used the chatbot a lot.” It can679

begin to answer questions such as: Did the student mainly try to coordinate, to execute680

mathematics, to monitor, to delegate, or to disengage?681

The qualitative case analysis in Section 6.4 adds a more concrete design implication.682

Feedback should probably not be identical for all “low-CPS” students. Some students683

need help building shared understanding; others need support externalizing their reason-684
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ing; others need nudges away from over-delegation; and some need early re-engagement685

prompts. A practical next step would be to add a lightweight intent-classification layer686

that monitors rolling windows of recent student turns and flags shifts toward unproductive687

participation patterns. For example, if the system detects repeated imperative delegation688

moves consistent with E18’s Delegating Director profile (e.g., translated turns such as689

“You do it”), the peer could withhold the next numerical step and instead require the690

student to provide the next formula or justification before the interaction continues. If it691

detects patterns closer to E28’s Early Disengager or E25’s Misaligned Follower, the peer692

could switch from content delivery to a shorter common-ground repair or motivational693

re-entry move. In that sense, the most promising future direction is not simply more694

accurate scoring, but profile-sensitive support built on top of the scoring layer.695

For higher-education instructors, the eight participation roles offer a concrete vocab-696

ulary for interpreting AI-peer activity logs and designing role-differentiated pedagogical697

interventions. An instructor noticing Co-Regulator patterns — frequent externalization698

of intermediate steps, self-initiated monitoring, and collaborative hypothesis formation —699

can provide relatively minimal additional scaffolding; the interaction is already doing pro-700

ductive epistemic work. By contrast, students showing Delegating Director patterns may701

benefit from structured prompts that require them to produce the next derivation step702

before the AI continues, thereby interrupting the delegation cycle. Students matching703

Early Disengager or Misaligned Follower profiles are the most urgent intervention targets:704

the former needs re-entry prompts that restore motivational engagement before reasoning705

can begin, while the latter needs explicit common-ground repair activities that surface706

and correct the misaligned shared representation. Low-Engagement Answer-Seekers may707

respond better to task redesigns that raise the cost of pure answer-seeking — for example,708

requiring the student to justify why the AI’s proposed step is correct before the interac-709

tion advances. This role-based framing moves beyond the binary of “high-engagement vs.710

low-engagement” and gives instructors actionable differentiation criteria tied to process711

evidence rather than merely to time-on-task.712

This profile-sensitive view also resonates with recent studies of LLM peers. Oppen-713

heimer et al. (2025) show that students can treat LLM partners as genuine interlocutors714

for refining arguments, but our cases suggest that this potential is highly contingent on715

how the student positions the agent: as a co-regulator, as a targeted knowledge source, as716

a delegated executor, or as a minimally used interface. A similar lesson appears in broader717

authentic collaborative settings. In an interdisciplinary hackathon study, Law et al. (2025)718

found that generative AI contributed most productively when teams used it within shared719

communicative and knowledge-building routines rather than as a stand-alone solution en-720

gine. Although our setting is dyadic and domain-specific rather than team-based and721

interdisciplinary, the same pattern appears here: the value of the LLM peer depended722

not simply on model capability, but on whether the interaction made reasoning visible,723
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preserved common ground, and distributed cognitive responsibility in workable ways. De-724

signing future peers therefore requires attention not only to helpfulness and safety, but725

also to how the agent’s generosity, prompting style, and task framing distribute cogni-726

tive responsibility across the interaction. In this respect, the scoring layer described in727

Section 4 is not only an analytic component; it can also be understood as the basis for728

future adaptive orchestration rules that close the loop between trace interpretation and729

differentiated support (Author et al., 2023).730

7.4 Limitations and next steps731

The study is a single-site pilot (n = 30, two tasks), limiting statistical power and gen-732

eralizability. The scorer was validated on 76 messages from four conversations (initial,733

not definitive evidence); fine-grained 12-code agreement was moderate (κ = .60), and734

some message-level distinctions remain difficult even for human raters. The LLM peer735

was not systematically audited for mathematical correctness; informal inspection found736

no frequent failures, but systematic error logging is needed in future iterations to estimate737

hallucination rates and their effects on CPS. Qualitative participation patterns are PISA-738

grounded but analytic constructs specific to this setting, not canonical CPS categories.739

Achievement was coded with low-range outcomes (0/1 per task), potentially obscuring740

partial progress.741

Future work should therefore focus on three fronts. First, the scoring pipeline should742

be tested across larger and more diverse samples, additional tasks, and more extensive743

human-coded benchmarks. Second, the strongest qualitative and quantitative distinctions744

identified here — such as co-regulation, delegation, misalignment, and low-externalization745

problem solving — should be linked to profile-sensitive scaffolds and tested experimentally.746

Third, future models should explore richer learning outcomes and stronger task-level747

designs so that the relationship between collaboration quality and mathematical learning748

can be estimated with more precision.749

8 Conclusion750

This paper presented an LLM peer environment for collaborative calculus problem solving751

and demonstrated that the resulting interaction can be interpreted at multiple levels: dia-752

logue traces, coded CPS moves, task-level differences, interaction profiles, and qualitative753

participation patterns. The core finding is that human–GenAI collaboration in higher754

education is not monolithic. The eight participation roles identified here — from Co-755

Regulator to Early Disengager — capture meaningfully distinct mechanisms that neither756

task scores nor interaction volume alone can distinguish. Students who externalized their757

reasoning, maintained a shared cognitive state, and distributed epistemic responsibility758

were substantially more likely to succeed (OR ≈ 10.83), while students with identical759
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achievement profiles sometimes enacted collaboration very differently.760

These findings suggest that LLM peers can function as measurement-enabled collab-761

orative partners that both elicit CPS evidence and support its automated interpretation762

in authentic STEM tasks. The most useful measurement signal comes from combining763

subdimensional CPS profiles, interaction patterns, and qualitative interpretation rather764

than relying on a single global score — a lesson with direct implications for how AI-peer765

tools in higher education should be designed, deployed, and evaluated.766
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A PISA-grounded message-level CPS codebook906

Table 8 summarizes the message-level codebook used in the new scoring pipeline. The907

codes preserve the PISA 2015 matrix structure while adapting it to open-ended calculus908

dialogue.909

Quality rubric. Each coded message receives a quality score from 1 to 3. Quality 1 in-910

dicates weak/minimal evidence; quality 2 indicates clear and sufficient evidence; quality 3911

indicates strong, explicit, or especially well-developed evidence.912

Tie-breaking rules. The scorer uses cumulative prior context to resolve short or ambigu-913

ous messages. In particular, short affirmations are differentiated depending on whether914

they primarily maintain establish and maintain shared understanding (1) (e.g., agreeing915

with a mathematical statement), advance coordinated action associated with establish916

and maintain team organization (3) (e.g., agreeing to continue), or simply acknowledge917
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Table 8: Message-level CPS codebook used in the automated scoring pipeline.

Code Cognitive

process

Collaborative

competence

Operational meaning in dialogue

A1 Explore &
understand (A)

Shared
understanding (1)

Describes what is visible, identifies relevant features, or
makes the current problem state explicit for both part-
ners.

A2 Explore &
understand (A)

Take action (2) Explores by trying a mathematically relevant move or
test.

A3 Explore &
understand (A)

Team organization
(3)

Asks how to start, what the task requires, or how work
should be organized at the outset.

B1 Represent &
formulate (B)

Shared
understanding (1)

Proposes or negotiates a conceptual or mathematical re-
lation in a way that supports shared meaning.

B2 Represent &
formulate (B)

Take action (2) Introduces an actionable formula, equivalence, substitu-
tion, or symbolic representation that advances the solu-
tion.

B3 Represent &
formulate (B)

Team organization
(3)

Requests help with a formula or representation, or orients
the partner toward a representational move.

C1 Plan & execute
(C)

Shared
understanding (1)

Communicates or confirms the current action or interme-
diate step so both partners remain aligned.

C2 Plan & execute
(C)

Take action (2) Performs a calculation, substitution, derivative, algebraic
manipulation, or reports an actionable result.

C3 Plan & execute
(C)

Team organization
(3)

Delegates execution, asks the partner to perform the next
step, or coordinates who carries out the procedure.

D1 Monitor &
reflect (D)

Shared
understanding (1)

Detects and corrects an error or updates the shared in-
terpretation of what has happened in the solution.

D2 Monitor &
reflect (D)

Take action (2) Validates whether a result makes sense, satisfies a con-
straint, or is mathematically consistent.

D3 Monitor &
reflect (D)

Team organization
(3)

Closes a subtask, changes direction, or reorganizes the
collaboration after monitoring joint progress.

Note. Codes preserve the PISA 2015 matrix while adapting it to open-ended calculus dialogue. In the
paper body, full process and competence names are used first, with letter/number notation in

parentheses for compactness.
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the partner. Similarly, isolated numbers or symbolic expressions are interpreted as contri-918

butions associated with represent and formulate (B) or plan and execute (C) depending919

on the preceding dialogue.920
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