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Abstract 
Assessing children’s cognitive development in early mathematics 
is vital for effective teaching. Compared to closed-ended questions, 
which may fail to capture nuanced developmental spectrum, open-
ended elicitation tasks (e.g., asking students to manipulate objects or 
draw to represent numbers) serve as a promising approach to reveal 
deeper cognitive processes. However, their diverse and unstruc-
tured nature makes systematic analysis challenging for teachers. 
We present OpenCD, a teacher-facing system that automatically 
analyzes multimodal student responses to capture individualized 
insights. Based on Evidence-Centered Design, it combines Vision-
Language Models (VLMs) and expert models to generate interactive 
diagnostic graphs and reports with traceability back to behavioral 
evidence. In our two-part evaluation, a validation study found 90.3% 
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of the system’s diagnoses “completely reasonable,” and a user study 
showed that OpenCD reduced teachers’ analysis burden and en-
hanced their insights into student thinking. Our work contributes 
to scalable process-based assessment for mathematical literacy. 

CCS Concepts 
• Applied computing → Computer-assisted instruction; • 
Human-centered computing → Information visualization; 
• Computing methodologies → Knowledge representation and 
reasoning. 
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Figure 1: OpenCD analyzes children’s multimodal temporal responses (e.g., objects, drawings, speech) to open-ended elicitation 
tasks (left), empowering teachers with an automatically generated interactive Cognitive Diagnostic Graph and a Comprehensive 
Report (right), revealing nuanced insights into each child’s mathematical cognitive development. 

1 Introduction 
“How can you show 46?” Faced with this question, the 1st-grade 
student in Figure 1 pauses to think. After a moment, she drags 
a blue square onto the canvas and writes the number “20”, and 
repeats. She then drags a yellow circle and writes “2”, and repeats 
twice. When asked to explain, she says, “Each block has a number 
inside. That number represents how many sticks the block has.” 
This vignette illustrates one of the diverse responses collected in 
our study. 

In early mathematics education, it is crucial for children to 
ground their abstract understanding of concepts and operations in 
concrete experiences (e.g., learning about place value by bundling 
ten sticks into a single group) [4, 46]. Open-ended elicitation tasks— 
involving multimodal actions such as manipulating objects, draw-
ing, writing equations, and verbalizing thoughts—serve as a power-
ful mechanism for teachers to observe these cognitive processes [77]. 
By analyzing these multimodal responses, teachers can look beyond 
correct answers to gauge students’ developmental levels in concrete 
and abstract thinking, thereby enabling targeted scaffolding [80]. 

However, making sense of these rich assessments is prohibitively 
difficult in practice, requiring teachers to bridge the semantic gap 
between low-level behavioral signals and high-level pedagogical in-
sights [16, 74]. The diversity and subtlety of open-ended responses 
demand time-consuming observation and expert-level analysis of 
the entire problem-solving process. Consequently, many schools re-
vert to traditional computational tests that prioritize the accuracy of 
procedural skills over the depth of thinking. This narrow focus risks 
overlooking students’ intrinsic conceptual understanding, poten-
tially leaving foundational cognitive deficits unaddressed [76, 86]. 
While this dilemma calls for teacher-assistance technologies, “black-
box” automation fails to foster the trust and agency required in such 
high-stakes contexts [35, 53]. Yet, research on how to effectively 
support teachers in making sense of such multimodal response 
process remains scarce. 

To address this gap, we guide our research through three key 
questions: 

• RQ1: What are the characteristics of children’s multimodal 
open-ended responses, and what are teachers’ specific sense-
making needs for such data? 

• RQ2: How can we design a human-AI collaborative system 
that automates the diagnosis of unstructured process data 
while ensuring interpretability and teacher agency? 

• RQ3: What is the perceived value of OpenCD in streamlining 
the analysis workflow and uncovering student thinking? 

To answer these questions, we adopted a multi-phase research 
approach, moving from formative understanding to system design 
and rigorous evaluation, as presented in Figure 2. 

We conducted a two-part formative study to inform the system 
design. An analysis of multimodal responses from 14 students, re-
vealing the ambiguous characteristics of such data, informed our 
automated analysis pipeline. Subsequent interviews with five teach-
ers clarified their sensemaking needs. We highlighted two design 
challenges: bridging the gap between the unstructured and unpre-
dictable nature of student work and the structured requirements of 
assessment, while satisfying teachers’ needs for both macro-level 
overview and micro-level transparency with evidence traceability. 

Based on these insights, we present OpenCD, an AI system de-
signed to empower teachers in Cognitive Diagnosis through Open-
ended multimodal tasks. To ground the system with pedagogical 
knowledge, OpenCD adopted Evidence-Centered Design (ECD) [64], 
employing a hybrid architecture that synergizes the flexibility of 
VLMs with the reliability of rule-based expert models. This ap-
proach allows the system to interpret diverse, unstructured stu-
dent responses while ensuring diagnostic consistency. For teachers, 
OpenCD visualizes individual learning progress through cognitive 
diagnostic graphs and aggregates class-wide data to reveal collective 
performance patterns. Crucially, the system ensures interpretability 
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Figure 2: Overview of the research methodology and study roadmap. The project progressed through four phases corresponding 
to the paper sections: a formative study with students and teachers to define design goals (§ 3), the design and implementation 
of the OpenCD system (§ 4), an expert review to validate diagnostic accuracy (§ 5), and a user study to evaluate system utility 
with teachers (§ 6). The flowchart details the participants, data sources, and key outputs at each stage. Colors distinguish 
student- (Green) and teacher-related (Purple) studies, key findings (Yellow) and system design (Blue). 

by enabling bi-directional traceability, allowing teachers to navi-
gate seamlessly between high-level diagnostic conclusions and the 
specific behavioral evidence in student work. 

We conducted a two-stage evaluation of our system. To quan-
titatively validate the system’s diagnoses, two expert teachers re-
viewed the AI-generated diagnoses, based on a new collection of 
data from 16 first-grade students. The results showed that 90.3% of 
the diagnoses were deemed “completely reasonable”. Secondly, to 
qualitatively evaluate the system’s utility, we performed a within-
subject user study with 20 primary school teachers. Interviews and 
survey data indicated that OpenCD significantly streamlined their 
analysis burden while deepening their insights into student think-
ing. Furthermore, the system’s transparent presentation fostered 
appropriate trust, empowering teachers to verify AI judgments and 
identify potential discrepancies. We further discussed the design im-
plications for explainable AI (XAI) in assessment and the tensions 
in teacher-AI collaboration. 

In summary, this paper makes the following contributions: 
• Empirical findings derived from a formative study that char-
acterize students’ multimodal open-ended responses and 
articulate teachers’ specific sensemaking requirements for 
such unstructured data. 

• The design and implementation of OpenCD, a human-AI col-
laborative system that automates the analysis of multimodal 
response processes and transparently presents diagnostic 
results with traceable evidence. 

• A mixed-methods evaluation demonstrating the system’s 
validity and its effectiveness in reducing teachers’ analysis 
burden while enhancing pedagogical insights, and offering 
design implications for trustworthy XAI. 

2 Related Work 

2.1 Early Mathematics: Cognition, Teaching and 
Assessment 

Mathematics learning is fundamentally a process of cognitive shap-
ing. The theory of Embodied Cognition posits that mathematical 

thinking is not an isolated cerebral activity but is deeply rooted 
in sensorimotor experiences and physical interactions with the 
environment [5, 46, 68]. Consequently, effective learning relies on a 
multimodal interplay of actions, gestures, and language [67, 87]. For 
instance, Wu et al demonstrate that congruent physical movements 
can significantly reduce cognitive load and enhance estimation 
accuracy [103]. 

These theoretical insights align with Bruner’s Enactive-Iconic-
Symbolic (EIS) model [11, 12], and its practical application of 
the Concrete-Pictorial-Abstract (CPA) approach [49], which advo-
cates for grounding abstract knowledge in concrete manipulations. 
Crucially, the ability to translate and connect these various modali-
ties is known as Representational Fluency, a vital marker of deep 
conceptual understanding [18, 30, 50, 66]. Responding to calls for 
technologies that support such embodied learning [68], based on 
EIS model, OpenCD is designed to capture and analyze the full spec-
trum of student responses—from manipulating objects to drawing, 
writing, and verbal explanation. 

Capturing such multimodal behaviors enables Formative As-
sessment—a process distinct from summative testing that aims to 
“close the gap” in learning through timely, diagnostic feedback [8, 
82, 101]. Crucially, this requires looking beyond final answers to 
uncover students’ underlying reasoning strategies and misconcep-
tions [32]. However, such process-oriented diagnosis faces a scala-
bility dilemma: traditional one-on-one observations [28] are prohib-
itively labor-intensive for daily practice. While emerging AI tech-
nologies offer potential solutions, current automated assessments 
largely focus on correctness in structured, closed-ended tasks [19], 
lacking the capability to interpret the nuanced demonstrations es-
sential for identifying why a student struggles [91]. To bridge the 
gap, we employ Evidence-Centered Design (ECD) [64, 65] as 
our guiding framework. ECD provides a formal structure for de-
signing assessments by explicitly linking student competencies, 
evidence, and tasks [90]. We translate these principles into OpenCD 
by defining the competency and evidence models as a computa-
tional knowledge base, thereby grounding the system’s diagnostic 
inferences in pedagogical theory rather than black-box predictions. 
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2.2 AI System for Mathematics Education 
HCI research has enriched mathematics education by exploring 
novel interaction modalities. By combining Extended Reality (XR) 
with tangible interactions, systems like ARMath [39] and Math-
Builder [96] engage students in hands-on manipulation to support 
Enactive representations, while other works bridge the Iconic and 
Symbolic by visualizing complex notations [20, 26, 47] or translating 
sketches into equations [83]. Complementing these advancements 
in interaction modalities, empowering teachers with Generative AI 
(GenAI) has become a prominent research topic [69]. Current tools 
assist in various pedagogical aspects, ranging from lesson planning 
and resource generation [27, 78] to enhancing classroom manage-
ment [41, 56, 89] and providing visual analytics [93]. However, these 
innovations primarily focus on pedagogy, leaving the assessment 
on students’ diverse modes of representation underexplored. 

To assess student mastery at scale, educational data mining often 
employs Cognitive Diagnosis Models (CDMs), ranging from founda-
tional statistical models using expert-defined Q-matrices [23, 60, 94] 
to modern neural network-based approaches like NeuralCD [99] 
and knowledge graph-based systems [57, 100]. While efficient, these 
systems predominantly rely on dichotomous response data (cor-
rect/incorrect) from closed-ended questions, and consequently fail 
to capture the nuanced, unstructured cognitive processes essential 
for developing mathematical literacy. 

This highlights a critical gap: the lack of scalable methods for 
analyzing the rich cognitive behaviors demonstrated in open-ended 
tasks. We aim to complement traditional assessments by conducting 
cognitive diagnosis based on students’ process-oriented multimodal 
behaviors, thereby informing future pedagogy and Intelligent Tu-
toring System design. 

2.3 Building Explainable AI for Educational 
Assessment 

Analyzing multimodal behavioral data from assessment is funda-
mentally a sensemaking process [73, 74]. In HCI domains ranging 
from health to data science, researchers have developed visual ana-
lytics and human-in-the-loop systems to help experts bridge the 
semantic gap between low-level raw signals and high-level concep-
tual insights [45, 51]. In the educational context, this challenge is 
uniquely demanding: teachers must apply their pedagogical exper-
tise to uncover the deep cognitive processes underlying observable 
behaviors [6]. This requires tools that go beyond simple data reduc-
tion to support a rigorous analysis of students’ thinking [16]. 

However, in high-stakes educational contexts where teachers 
are ultimately accountable for decisions [35, 40], “black-box” au-
tomation is insufficient. HCI research advocates for XAI that fos-
ters appropriate trust and collaboration [1, 59]. While general XAI 
methods like LIME and SHAP focus on post-hoc feature attribu-
tion [58, 79], such low-level metrics often fail to support deep causal 
inference. Effective explanations for teachers must instead align 
with domain knowledge and users’ mental models [53, 98]. For 
teacher-facing systems, this means AI outputs must be interpretable 
in pedagogical terms, enabling teachers to verify algorithmic judg-
ments against their expertise and maintain agency [29, 75]. 

The emergence of GenAI introduces new complexities. While 
GenAI excels at synthesizing intuitive explanation, its outputs are 

often “post-hoc rationalizations” rather than faithful reflections of 
reasoning [54, 84], potentially misleading teachers with plausible 
but ungrounded justifications. Despite established XAI principles, 
it remains underexplored how to design explainable GenAI systems 
to support teacher sensemaking in multimodal cognitive diagnosis. 

3 Formative Studies 
To address RQ1 and guide the design of OpenCD, we conducted 
a two-part formative study. Part 1 investigated the characteristics 
of students’ multimodal responses to open-ended tasks, informing 
the design of our automated analysis pipeline. Part 2 involved 
interviews with teachers to understand their sensemaking needs 
and preferences. We synthesized the findings from both parts into 
six design goals (DGs). 

3.1 Study Rationale and Scope 
To guide our study, we first established the target mathematical 
domain and response modalities based on a literature review. 

For early mathematics, number sense is the foundational con-
cept, encompassing children’s initial understanding of numbers 
through basic operations in the early elementary grades [3, 72]. We 
therefore scoped our investigation to number sense at the first-
grade level. To capture the full developmental spectrum of these 
core concepts, we recruited students ranging from late kindergarten 
through second grade. 

Multimodal responses are essential for comprehensively reflect-
ing students’ mathematical cognition [68]. We based our design on 
the theoretical foundation of the well-established CPA approach [49]: 
the EIS model [12]. To align with this model and facilitate data col-
lection on an iPad, we defined three primary interaction modalities: 
dragging objects (Enactive), drawing (Iconic), and writing (Sym-
bolic). Furthermore, we included a speech modality, as extensive 
research highlights the importance of verbal explanations in reveal-
ing students’ cognitive processes [50, 67]. 

3.2 Methods 
Below, we describe the methods for Part 1 (Understanding Students) 
and Part 2 (Understanding Teachers) respectively. 

3.2.1 Part 1: Understanding Student Multimodal Responses to Open-
ended Tasks. 

Participants. We recruited 14 students (6 boys, 8 girls; age M = 
6.8, SD = 0.95) spanning late kindergarten through second grade (4 
K, 6 G1, 4 G2). Recruitment was conducted via personal accounts 
on RedNote for in-person sessions in one city in China. Parents 
self-registered, and we filtered excess applicants solely to balance 
gender and grade representation, with no baseline assessments. The 
study was conducted at the start of the second semester, so students 
had completed one semester of prior instruction. Following IRB 
approval and parental written consent, students participated and 
received certificates as gifts upon completion. Participant details 
are provided in Appendix A.1. 

Open-ended Tasks. Focusing on number sense, we designed multi-
modal tasks across 7 types, including number representation, quan-
tity comparison, and basic operations [3, 62], supplemented by 
pre-designed follow-up questions (detailed in Appendix B.1). 
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Procedure. Sessions were conducted on-site (approx. 30–60 min-
utes per student). Participants interacted with a custom-developed 
web application on a 13-inch iPad with an Apple Pencil, which 
supported dragging, drawing, writing, and speaking modalities 
(interface details in Appendix C.1). The process followed a semi-
structured format mimicking natural diagnostic dialogues: after 
each task, researchers may use follow-up questions to explore dif-
ferent response modalities. Throughout the session, we collected 
screen recordings, audio, and raw interaction data. 

Data Analysis. Methodologically grounded in [10], we conducted 
a two-stage analysis (detailed in Appendix C.2). In the first stage, we 
analyzed student responses using a hybrid approach that combined 
a priori theoretical codes [31, 55] with open coding to identify 54 
typical behaviors and infer cognitive states, while documenting 
our interpretative reasoning in memos. In the second stage, we 
performed a meta-analysis of these memos to extract the essential 
information needs and evidential requirements for diagnosis, syn-
thesizing them into three core analytical challenges (F1-1 to F1-3) 
for system design. 

3.2.2 Part 2: Understanding Teachers’ Sensemaking Needs from In-
terview. 

Participants. We recruited 5 experienced elementary school math-
ematics teachers. All had multiple years of teaching experience in 
elementary schools (8.6±3.2 years), including specific experience 
in first grade (3.8±2.4 years), and they came from different schools 
in 4 different cities in China. Recruitment was conducted via per-
sonal networks and private accounts on RedNote, through which 
we screened out applicants with insufficient teaching experience. 
Participants received 100 RMB (approx. $15 USD) for the one-hour 
session. See Appendix A.2 for details of teacher profiles. 

Procedures. We conducted semi-structured interviews centered 
on three topics: (1) teachers’ current practices and challenges in us-
ing open-ended tasks; (2) their perspectives on our proposed open-
ended assessment method (we showed them examples of student 
responses); and (3) their expectations for the content and format 
of AI-generated diagnostic report (we showed some handcrafted 
examples). 

Thematic Analysis. The interviews were audio-recorded, tran-
scribed, and analyzed using thematic analysis [10]. Two researchers 
first independently performed open coding on two interview tran-
scripts. They then discussed their codes and collaboratively de-
veloped a codebook. One researcher applied this codebook to the 
remaining three transcripts, and the second researcher reviewed 
the coded data. Finally, the researchers discussed and resolved any 
ambiguities or disagreements and jointly summarized the resulting 
themes. 

3.3 Findings 
Our two-part formative study yielded six key findings. We first 
report the three findings from Part 1, which highlight the core 
challenges in analyzing student responses and informed our algo-
rithm design. We then present the three findings from Part 2, which 
articulated teachers’ sensemaking needs and guided our system 
interface design. 

3.3.1 Challenges in Analyzing Student Responses. The open-ended 
tasks successfully elicited a rich variety of responses, and follow-
up questions revealed an even wider range of student behaviors. 
However, the nature of these multimodal responses presents several 
analytical challenges. 

Q: “How can you show 16?” Q: “How can you show 47?”Q: “Try using ‘shapes’?” 

Q: “How can you show 16?” Q: “How can you show 358?”Q: “How can you show 47?” 

(a) 

(b) 

Figure 3: Examples of students showing consistent or var-
ied strategies across tasks. (a) Student S5 consistently uses a 
one-to-one correspondence strategy. (b) In contrast, Student 
S2’s strategies vary from dragging circles to writing numeral 
sequence and drawing semantic sketches. 

Q: “How can you show 16?” Q: “Try using ‘shapes’?” 

“Big square represent 10, small 
square represent 1.” (Same strategy) 

Writing 5×9+2=47 all 

Q: “How can you show 47?” Q: “Try using ‘shapes’?” 

(Same answer in pixel patterns)S6 

S4 

Figure 4: Examples of students showing “inertia of thinking” 
influenced by prior tasks. Left: S4 uses the same base-ten 
strategy (1 group of ten, 6 ones) with different items. Right: 
S6’s object arrangement for 47 is a direct visual copy of their 
previous symbolic answer “5x9+2”, making it difficult to un-
derstand on its own. 
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Q: “How can you Calculate 43-26?” 

S7: “11 periods times 4 of each 
period, plus extra 3.” 

(“11 periods” in Chinese) 

S7 - Let square be 10, Circle be 3. S4 - Give a pattern: if 𝑥 − 𝑦 = 𝑧, 
then 𝑥 + 𝑛 − 𝑦 + 𝑛 = 𝑧 

Q: “What numbers subtract to 7?” 

Q: “How can you show 47?” 

S2: “100 points, times 3, plus 58.” 

Q: “How can you show 358?” 

Figure 5: Examples of unique and idiosyncratic student re-
sponses. The students are shown inventing their own group-
ing rules, using mixed representations, defining custom units 
for calculation, and applying algebraic patterns. 

Finding 1-1: Insufficiency of Single-Task Evidence. A stu-
dent’s performance on a single task is often incidental or incomplete, 
making it insufficient for a reliable cognitive diagnosis. As exam-
ples shown in Figure 3, some students consistently used the same 
method, while others demonstrated different strategies, switched 
methods when the task changed. This suggests that a holistic anal-
ysis across all of a student’s responses is necessary for an accurate 
diagnosis. 

Finding 1-2: Ambiguity and Information Loss in Final 
Products. The final state of a student’s canvas is often insuffi-
cient to understand their intent and problem-solving method. We 
identified three crucial types of information required for interpreta-
tion: (1) Process is essential for deciphering cluttered final products 
and for understanding dynamic operations. (2) Speech is crucial 
for disambiguating visually similar behaviors and understanding a 
student’s specific intent. (3) Prior Responses, which provides context, 
is necessary to interpret a student’s current actions, especially to 
account for continuity in their reasoning (Figure 4). 

Finding 1-3: Diversity and Unpredictability of Student Re-
sponses. The open-ended nature of the tasks leads to a vast di-
versity of student responses. While many responses aligned with 
established developmental frameworks, we also observed unique, 
idiosyncratic responses, such as the one described in the introduc-
tion (Figure 1) and others in Figure 5. Such responses cannot be 
anticipated or fully covered by a predefined rubric and require spe-
cific analysis. This highlights the limitation of purely rule-based 
systems, which cannot handle the “long tail” of student responses. 

3.3.2 Teachers’ Diverse Sensemaking Needs. All teachers highly 
valued the open-ended assessment approach, which helps uncover 

genuine student understanding, rather than relying on mechanical 
memorization. However, its practical application is limited by the 
time cost and the difficulty of observing the problem-solving pro-
cess. All teachers were enthusiastic about our proposed system, but 
expressed diverse needs for the sensemaking of diagnostic results: 

Finding 2-1: Teachers have divergent preferences on struc-
tured overviews and narrative reports. One teacher preferred 
a narrative summary, which she found familiar and easy to un-
derstand (T1). The others preferred a structured format (e.g., a 
knowledge graph or table) for an at-a-glance overview (T2, T3, T4, 
T5), but also wanted the option to access more detailed textual ex-
planations and teaching suggestions (T3). This divergence resonates 
with challenges identified in teacher Visualization Literacy [75]. 

Finding 2-2: Teachers need access to the original student 
response and transparency of reasoning. All teachers stated 
that, in addition to the diagnostic results, they needed access to the 
students’ original responses (T1-T5). They also wanted to see the 
reasons behind the system’s judgments, such as how a student made 
a mistake (T1, T3), and expressed particular interest in reviewing 
typical or unique student responses (T1, T5). This is a need that 
aligns with research on maintaining teacher agency in AI-assisted 
systems [40]. 

Finding 2-3: Teachers required both individual and class-
level views. Teachers emphasized that because they teach the class 
collectively, having a grasp of the class-level learning situation is a 
priority (T3, T4, T5). Specifically, T3 suggested using different colors 
to visualize the distribution of mastery levels, and T2 expressed a 
desire to see student responses grouped by behavioral category. 

3.4 Design Goals 
We synthesized six design goals (DGs) to guide the development of 
OpenCD based on the aforementioned six findings. The first three 
goals inform the algorithmic pipeline to address the challenges of 
multimodal analysis, while the latter three specify the interaction 
and visualization requirements for the teacher-facing interface. 

• F1-1 → DG1: Accumulate evidence across multiple responses 
to form a holistic diagnosis. 

• F1-2 → DG2: Incorporate multimodal process data (actions, 
speech) and prior context into the analysis pipeline. 

• F1-3 → DG3: Utilize generative capabilities to interpret 
“long-tail” responses that fall outside predefined behavior 
sets. 

• F2-1 → DG4: Provide both structured overviews for quick 
scanning and detailed textual reports for deep reading. 

• F2-2 → DG5: Link high-level diagnostic conclusions back 
to specific behavioral evidence in the student’s original re-
sponse to ensure transparency. 

• F2-3 → DG6: Integrate class-wide analytics for identifying 
common patterns with individual profiles for personalized 
intervention. 

4 System Design of OpenCD 
This section details the design of OpenCD (RQ2). We first introduce 
the core design rationale: the Evidence-Centered Design framework 
and the knowledge base derived from it (§ 4.1). We then describe 
how this framework support a VLM-rule hybrid diagnostic system 
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capable of processing multimodal responses from open-ended tasks 
(§ 4.2). Finally, we present the teacher-facing interface that visual-
izes the diagnostic results and behavioral evidence in a transparent 
and traceable way (§ 4.3), ensuring that OpenCD’s analysis is trans-
lated into understandable and trustworthy pedagogical insights. 

4.1 Evidence-Centered Design for Automated 
Diagnosis 

Traditional assessments often rely on closed-ended questions where 
behaviors are judged simply as right or wrong. In such cases, cog-
nition is tightly linked with specific questions, such as in various 
Cognitive Diagnosis Models (CDMs) [23, 94]. In contrast, for open-
ended tasks, it is the student behavior that serves as the crucial 
bridge between the tasks and cognition. Therefore, our approach 
involves analyzing multiple responses (DG1) to identify key behav-
iors that serve as evidence for cognitive diagnosis. 

This analytical process relies on fine-grained pedagogical knowl-
edge, including the typical behaviors, the key cognitive nodes, how 
behaviors map to cognition, and the developmental relationships 
between cognitive nodes. To structure this knowledge, we adopted 
the ECD framework [64]. We adapted it from a framework for 
assessment design [90] into a knowledge base and pipeline for auto-
mated diagnosis. Specifically, we used ECD’s Evidence Model and 
Competency Model to form the knowledge base, thereby grounding 
OpenCD in pedagogical knowledge (Figure 6). 

Typical Behaviors as Evidence. In ECD, the Evidence Model 
specifies the typical behaviors a student might exhibit for a given 
task type, and defines their mapping relationship to cognitive nodes. 
OpenCD will regard typical behaviors as evidence to diagnose the 
corresponding cognitive nodes. 

Cognitive Graph. The Competency Model in ECD describes the 
space of student possible cognitive states. In our work, we aim to 
represent key cognitive nodes and their developmental relation-
ships, for which we use a Directed Acyclic Graph (DAG). It reflects 
the conceptual structures of cognitive development and the un-
derstanding of strategies across different representations. In the 
graph, each cognitive node serves as a unit for diagnosis. The edges 
between nodes represent prerequisite relationships. Traditionally, a 
prerequisite implies a constraint on mastery levels (i.e., mastery of 
a more advanced successor node ≤ mastery of a more foundational 
predecessor node) [100]. In OpenCD, we leverage this prerequisite 
structure for evidence propagation, as will be introduced in § 4.2.2. 

Knowledge Base for Different Task Types. This knowledge 
base is specialized for different types of mathematical tasks. Draw-
ing from relevant literature [17, 31] and previous analysis (§ 3.2.1), 
we developed this knowledge base for seven task types used in 
formative study (see Appendix G for details). The knowledge base 
from ECD serves a dual purpose: it supports the rule-based expert 
models to reliably map typical behaviors to cognition and to propa-
gate evidence across the cognitive graph, and it acts as a source of 
domain knowledge to ground the VLM’s interpretations. 

4.2 VLM-Rule-Hybrid Diagnostic Pipeline 
To accurately interpret students’ diverse and often ambiguous mul-
timodal response processes (DG2, DG3), we designed a VLM-rule 
hybrid system grounded in our ECD-derived knowledge base. To 

meet teachers’ diverse needs, the system outputs both a diagnosis 
on the cognitive graph and a textual diagnostic report (DG4). The 
overall workflow is illustrated in Figure 6. 

Our system integrates two types of large models: VLMs for pro-
cessing multimodal input to analyze student response and collect 
evidence, and Large Language Models (LLMs) for text-based rea-
soning to synthesize evidence and generate diagnoses. In our im-
plementation, both are using Gemini-2.5-Pro model [21]. Model 
configurations and prompts are detailed in the Appendix D.3 & H. 

4.2.1 Understanding Multimodal Processes. (DG2) As analyzing 
only the final product is insufficient, our first challenge is to enable 
the AI to comprehend the entire dynamic, multimodal response 
process. 

Converting Multimodal Temporal Data. Student responses 
are recorded by the iPad web app as multimodal temporal data, in-
cluding pen strokes, object manipulations, and audio. Since current 
mainstream large models cannot directly process video or simulta-
neously handle images and audio streams [21], we convert this raw 
data into a text-and-image script. It preserves essential informa-
tion—such as action descriptions and sequences, audio transcrip-
tions, and keyframe renderings—to support process-based analysis. 
See Appendix D.2 for more details. 

Response Comprehension. A VLM agent is assigned to inter-
pret this text-and-image script with context of prior responses, to 
capture the student’s core intent. We evaluated the agent’s perfor-
mance on the data collected from the formative study, achieving an 
accuracy of 93.6% (see details in Appendix D.1). The output of this 
agent serves three purposes: it is used iteratively to inform its own 
understanding of subsequent responses; it is passed, along with 
the full process script, to the subsequent behavior analysis agents; 
and it serves as a concise summary of the raw script for the final 
diagnosis agents, allowing them to incorporate multiple responses. 

4.2.2 From Multimodal Behaviors to Pedagogical Evidence. (DG3) 
Student responses are diverse, including common, typical behaviors 
as well as many unexpected and unique methods, which are difficult 
for a purely rule-based system to cover. To balance flexibility and 
reliability, we designed a hybrid detection and mapping mechanism 
that combines VLMs with rule-based modules. 

Behavior Detection. A VLM agent is assigned to identify key 
behaviors in the student’s response. On one hand, the agent at-
tempts to classify the student’s actions with respect to “typical 
behaviors” from the knowledge base. On the other hand, if unclas-
sified, the agent would provide an open-ended description for the 
behaviors. 

Evidence Mapping. These identified behaviors are then mapped 
to nodes in the cognitive graph as direct evidence. For typical be-
haviors, this mapping is handled by a rule-based module to ensure 
accuracy. For unclassified behaviors, a VLM agent infers the corre-
sponding cognitive node, guided by existed mappings provided in 
the knowledge base. 

Evidence Propagation. This step is handled by a rule-based 
module. Using the prerequisite relations in the cognitive graph, 
behavioral evidence can inform the diagnosis of additional cognitive 
nodes, serving as indirect evidence. Evidence propagates along the 
edges: positive evidence propagates backward to support mastery 
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Figure 6: The architecture of OpenCD. (§ 4.1, top, yellow) The Knowledge Base, adapted from ECD, includes behaviors, mapping 
relations, and a cognitive graph. (§ 4.2, upper, blue) The Diagnostic Pipeline, uses a hybrid of rule-based modules and VLMs/LLMs, 
informed by the knowledge base. It consists of three stages: processing raw data, collecting behavioral evidence, and synthesizing 
final cognitive diagnosis. (§ 4.3, lower, purple) The Teacher-Facing Interface for an individual student, which visualizes these 
diagnoses, integrating the original Response Gallery, an interactive Cognitive Graph, and qualitative Reports. users can click 
the thumbnail of a response to view the Response Walkthrough and Evidence Analysis, or click a cognitive node to view its 
Rationale and Evidence List. The purple numbered tags indicate the transparent correspondence between the pipeline and UI. 



OpenCD: Empowering Diagnosis of Children’s Mathematical Cognition through Open-ended Multimodal Tasks CHI ’26, April 13–17, 2026, Barcelona, Spain 

of prerequisites, while negative evidence propagates forward to 
suggest non-mastery of more advanced nodes. 

4.2.3 Synthesizing a Holistic Cognitive Diagnosis. After collect-
ing behavioral evidence from all of a student’s responses (DG1), 
the system performs a holistic cognitive diagnosis, providing both 
structured diagnostic results and a textual report (DG4). 

Cognitive Node Diagnosis. An LLM agent reviews all the 
accumulated evidence (positive and negative, direct and indirect) for 
each cognitive node, and determines the sufficiency of the evidence 
(our measure of confidence [52]), assigns a mastery level (on a 
5-point scale), and provides a textual rationale for its judgment. 

Comprehensive Report. Based on all the preceding analysis, 
another LLM agent generates the final report including an overview 
of the student’s responses, a cognitive analysis, noteworthy obser-
vations, and pedagogical suggestions. 

4.3 Visualization of Diagnosis Results & 
Evidence 

The application of AI diagnostics in education faces a core HCI 
challenge: How can we enable teachers to trust and effectively uti-
lize the analytical results to support their pedagogical needs? Our 
interface design is guided by three goals: (1) integrating quantita-
tive assessment with qualitative insights (DG4), (2) ensuring the 
transparency and traceability of the analysis process (DG5), and 
(3) supporting both individual and class-level perspectives (DG6). 

4.3.1 Individual Diagnostic Profile. The interface for individual 
students is shown in Figure 6. 

To satisfy teachers’ need for both quantitative assessment and 
qualitative insights (DG4), the interface presents a textual report 
alongside the visualized cognitive graph. The graph uses color-
coding to intuitively represent different mastery levels, allowing 
teachers to quickly identify weak cognitive nodes and developmen-
tal bottlenecks. 

To build teacher trust in the AI’s analysis (DG5), our interface 
features bi-directional traceability. This means teachers can ex-
plore the data from two directions: 

• From Response to Cognition: When a teacher views a 
specific response, the interface highlights all the behavioral 
evidence detected and the corresponding cognitive nodes it 
informs. 

• From Cognition to Response: When a teacher focuses on 
a cognitive node (e.g., by clicking a red node on the graph), 
the interface surfaces all the responses that support this judg-
ment (i.e., Evidence List) along with the qualitative rationale. 

• Evidence as the Bridge: All evidence is visually represented 
on the graph as intuitive Evidence Tags, attached to corre-
sponding cognitive nodes. This serves a dual purpose: it 
can indicate the findings from each response (e.g., presence 
of problematic behaviors) while also implying the analytic 
status of each cognitive node. 

Additionally, leveraging the metric defined in § 4.2.3, the inter-
face presents evidence sufficiency as a proxy for diagnostic confi-
dence. Nodes with insufficient evidence are visually highlighted 
(via opacity changes), proactively alerting teachers to potential 
uncertainty and mitigating the risk of misinterpretation. 

4.3.2 Class Performance Dashboard. We designed the class-level 
dashboard as shown in Figure 7. 

Since teachers manage the learning of the entire class, they 
hope to quickly grasp the overall learning landscape. This requires 
both statistical data on “how many students have mastered a con-
cept,” and qualitative insights into “how students are responding” 
(DG6). To this end, our class dashboard provides two complemen-
tary views: 

• Class Cognitive Graph: This provides a cognitive mastery 
overview. It aggregates the diagnostic results (§ 4.2.3) for the 
entire class, using color to visualize the distribution of mas-
tery levels. This allows teachers to quickly identify common 
areas of difficulty. Selecting a node can reveal student names 
at each mastery level. 

• Class Response Gallery: This view categorizes student re-
sponses based on the “key behaviors” detected, providing an 
efficient, at-a-glance presentation of the different respond-
ing patterns. Teachers can immediately see which advanced 
strategies are prevalent, which typical novice approaches 
are common, and even specific types of errors. 

5 Expert Evaluation of Diagnostic Accuracy 
Before deploying OpenCD in a user study with teachers, we first 
needed to conduct a strict quantitative evaluation of its core diagnos-
tic system’s validity. Therefore, we designed an expert evaluation 
study guided by two primary questions: (1) How reasonable are the 
diagnoses generated by OpenCD? (2) What are the primary sources 
and patterns of error in the analysis? 

To answer these questions, we recruited experienced elementary 
school mathematics teachers as experts. They carefully examined 
the reasonableness of the AI-generated diagnosis for each cogni-
tive node and provided justifications for any results they deemed 
unreasonable. We then performed an in-depth error analysis based 
on their feedback. 

5.1 Dataset 
We recruited a new group of 16 first-grade students (gender bal-
anced; age M = 7.3 years, SD = 0.29; 10 from public schools, 6 from 
private schools) to collect response data as the “test set” and then 
perform automated diagnosis using OpenCD. The study was con-
ducted after the academic year, following the same protocol as 
formative study (§ 3.2.1), with three task types that are core to the 
first-grade curriculum and involve complex cognitive processes: 
Number Representation, Addition with Regrouping, and Subtrac-
tion with Regrouping. (See Appendix B.2 for details). This resulted 
in a total of 271 responses (16.9±2.0 for each student). 

We processed the data collected using OpenCD with Knowledge 
Base established from formative study (See Appendix G for details). 
For each student at each cognitive node, the system generated (1) a 
mastery level (on a 5-point scale), (2) a judgement of evidence 
sufficiency (yes or no), and (3) a textual rationale explaining how 
the evidence was used to reach the conclusion. For the 3 task types, 
there are all together 6+7+7 = 20 cognitive nodes, with 16 students, 
resulted 20 × 16 = 320 data points to review. 
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Figure 7: The Class Performance Dashboard, featuring two complementary views. Left: The Class Cognitive Graph visualizes 
the mastery distribution for each concept across the entire class, indicated by the colored segments in each node. Right: The 
Class Response Gallery groups student responses by their underlying strategies, allowing teachers to quickly identify common 
patterns and misconceptions. 

5.2 Method 
Expert Participants. We recruited two expert teachers (E1, E2) 

from different primary schools. E1 had 27 years of teaching experi-
ence, including 15 years teaching Grades 1–2. E2 had 28 years of 
teaching experience, including 5 years teaching Grades 1–2. 

Procedure. Using a custom interface with Scoring and Feedback 
modes, the two experts followed a rigorous three-phase protocol 
(detailed in Appendix C.3): (1) Blind Rating: Experts first indepen-
dently assessed the students’ mastery and evidence sufficiency 
without AI; (2) Independent Review: Experts then evaluated the 
AI’s diagnoses against their own baselines, labeling them as “Rea-
sonable” or specifying error types (e.g., overestimation, missing 
evidence); (3) Consensus Meeting: Finally, experts met to discuss 
discrepancies and reach a final consensus on all evaluations. 

5.3 Metrics 
We used the following metrics: 

• Diagnostic Reasonableness Rate: This was our primary out-
come measure, defined as the percentage of diagnostic nodes 
rated “Completely Reasonable” based on the final consensus 
of the experts. 

• Error Analysis: For diagnoses that were deemed unreason-
able, we first statistically analyzed the error types. Then, 
guided by the experts’ justifications, we performed a quali-
tative analysis to classify the cause of each error and traced 
it back to a root cause within the OpenCD pipeline. 

5.4 Results 
Diagnostic Accuracy. The results indicate a high degree of 

diagnostic accuracy. During the independent review phase, the 
inter-rater reliability (IRR) between the two experts was substan-
tial (Cohen’s 𝜅 = 0.662). After reaching consensus, experts rated 
90.3% (289 out of 320) of the AI’s diagnoses as “Completely 
Reasonable” 

The error types of the remaining 31 “Partially Unreasonable” 
cases are shown in Figure 8(a). Among this, the system underesti-
mated the student’s mastery level in 18 cases (including 1 substantial 
underestimation), significantly more than the 8 cases of overestima-
tion. Furthermore, all 9 errors related to evidence sufficiency were 
misjudged as insufficient; there was 0 misjudged as sufficient. 

Error Attribution. Our error attribution analysis traced the 
system’s mistakes back to two main stages in the pipeline: final 
downstream errors in the Cognitive Node Diagnosis agent (§ 4.2.3) 
and upstream errors in the evidence analysis process (§ 4.2.2). 

Downstream: Misestimating Evidence Strength. Downstream 
errors occurred in the Cognitive Node Diagnosis agent, which 
misestimated the strength or implication of correctly identified 
evidence. As shown in Figure 8 (b) (top row), this included: Overes-
timating behavioral typicality (e.g., giving undue credit for a simple 
instead of standard strategy). Underestimating behavioral typicality 
(e.g., dismissing a typical procedural error as simple carelessness). 
Misreading strategy choice (e.g., penalizing a student for using an 
appropriate alternative strategy). 
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Figure 8: Analysis of the 31 cases rated as “Partially Unreasonable” by experts. (a) The distribution of final error types, showing 
that the system was more likely to underestimate (58.1%) than overestimate (25.8%) student mastery, and was likely to misjudge 
evidence as insufficient (29.0%). (b) An error attribution analysis that traces the root causes of these errors back to different 
stages of the diagnostic pipeline, from downstream errors in ‘Node Diagnosis’ to upstream errors in ‘Response Comprehension.’ 

Upstream: Missing and Incorrect Evidence. Most errors (24 
errors across 23 responses) originated upstream. These typically 
involved the system either missing behavioral evidence or identify-
ing incorrect evidence (i.e., misjudging a behavior). A root cause 
analysis traced these 24 errors to the following agents: 

• Evidence Mapping. Incomplete mapping rules in the Knowl-
edge Base (e.g., failing to map a behavior as negative evidence 
for a higher-level cognition), failures in the Unclassified Be-
havior Mapping agent. 

• Behavior Detection (Primary Source). This agent was the main 
source of errors, including misreading open-ended task re-
quirements, misclassifying behaviors, missing fine-grained 
behavioral details, and misreading student intent. There 
was also error due to incomplete behavioral features in the 
Knowledge Base (e.g., lacking cues for process-based error 
detection). 

• Response Comprehension. Errors included misreading am-
biguous student intent or misreading a cluttered image. 

Notably, the complexity of the Behavior Detection agent makes it 
particularly error-prone and a key focus for our future optimization. 

5.5 Summary and Implications 
Our expert evaluation demonstrates that OpenCD achieves a high 
reasonableness rate exceeding 90%. Crucially, its primary failure 
mode is shown as a clear conservative bias: a tendency to under-
estimate students’ mastery and evidence sufficiency. Unlike gen-
eral LLMs, which often exhibit overconfidence [63], our Evidence-
Centered Design promotes more cautious judgements, thus 
avoiding misleading conclusions [22, 43]. 

In high-stakes applications like education, this conservative ten-
dency of OpenCD can be interpreted as a desirable safety feature. 
When the system reports “insufficient evidence”, it’s in fact inviting 
the teacher to carry out a more in-depth review, fostering a more 

responsible human-AI collaboration model. In addition, as we will 
discuss in § 7.1.3, this conservative approach also reduces the risk of 
overlooking student problems and implicitly encourages students 
to express their thinking more clearly. 

6 User Study with Teachers 
Having established the diagnostic accuracy of OpenCD, we con-
ducted a qualitative user study with 20 teachers to investigate its 
practical value and utility (RQ3). This study focused on how teach-
ers perceive OpenCD’s potential to influence their analysis burden 
and diagnostic insights, and integrate into their existing pedagogi-
cal practices. 

6.1 Methods 
We conducted a within-subjects comparative experiment, having 
teachers perform student learning analysis—similar to their regular 
teaching practices—either with or without support from OpenCD’s 
diagnosis to demonstrate its value. 

Participants. 20 elementary mathematics teachers were recruited 
via personal networks and snowball sampling, representing diverse 
professional profiles. Their total teaching experience ranged from 1 
to 35 years (M = 9.3, SD = 9.25), with specific experience in Grades 1– 
2 from 0 to 7 years (M = 2.8 years, SD = 1.79). The participants were 
drawn from 15 different schools across 5 cities in China, adhering to 
the National Curriculum Standards. To ensure sample diversity and 
minimize institutional bias, we limited the number of participants 
from the same school. With a 7-point Likert scale, participants 
reported a high frequency of using educational technology (M = 
6.45, SD = 0.76) and a generally positive attitude toward AI (M = 
6.15, SD = 0.81). Profile details along with their educational context 
and technical background are presented in Appendix A.3. 



CHI ’26, April 13–17, 2026, Barcelona, Spain Zhi Zheng et al. 

Conditions & Tasks. We employed a within-subjects design with 
two conditions, using the dataset of 16 students from the expert 
evaluation study (§ 5.1). For the experiment, we selected two task 
types: Number Representation and Addition with Regrouping 1 . In 
each session, teachers analyzed a balanced set of 12 students (ran-
domized order), while the remaining 4 students were reserved for 
the tutorial. In addition, video clips of every student’s response 
were provided in both conditions via a cloud storage link. 

• Condition A (Manual): Teachers accessed student response 
processes via the web app but without AI diagnoses (see 
Appendix C.4 for interface details). 

• Condition B (OpenCD-Assisted): Teachers used the full 
OpenCD system. 

Participants were framed in a scenario: preparing for a new semes-
ter by analyzing students’ open-ended pre-tests. They were tasked 
with writing a report covering overall class performance, struggling 
students’ situations, unexpected responses, and future teaching de-
cisions. 

Procedure. The study was conducted remotely using video con-
ferencing. We used a counterbalanced 2×2 design to alternate the 
order of conditions and task types. The procedure consisted of three 
phases: 

(1) Onboarding (30 min): Participants received training on the 
cognitive graphs and practiced with the system (Tutorial 
Mode) using the 4 training student datasets to ensure profi-
ciency. 

(2) Experimental Sessions (2 × ∼50 min): In each session, teachers 
analyzed the 12 students under the assigned condition and 
task type. They wrote an analysis report and then completed 
the NASA-TLX [33] and a self-reported performance scale. 
Breaks were allowed during the sessions. 

(3) Post-Study Interview (30–45 min): We held semi-structured 
interviews to probe teachers’ analytical processes and per-
ceived value of OpenCD, followed by functional feedback 
surveys. 

6.2 Data Collection and Analysis. 
We collected following two types of data: 

Quantitative data. NASA-TLX and self-reported performance 
(7-point Likert) were compared using the Wilcoxon signed-rank 
test. Responses to the interview surveys—including system feature 
ratings, multiple favorite selections, and Likert-scale scores for 
perceived influence and willingness to use—were analyzed using 
descriptive statistics. 

Qualitative data. Semi-structured interviews were transcribed 
and analyzed using thematic analysis [10]. First, two researchers 
independently performed open coding on 4 transcripts to collabo-
ratively develop an initial codebook. The remaining 16 transcripts 
were then divided between the researchers: each coded 8 transcripts 
and cross-checked the other 8. Finally, the researchers resolved all 
discrepancies through discussion to synthesize the key themes and 
insights. 

1We didn’t use “Subtraction” type because its underlying cognitive structure and 
student response patterns are highly similar to those of “Addition”. 

6.3 Findings 
6.3.1 Streamlining Teachers’ Analysis Process. We found that 
OpenCD effectively supported and facilitated teachers’ needs for 
understanding student learning, significantly reducing their per-
ceived cognitive burden (mental demand: W=25.5, p=.046*; effort: 
W=0, p=.0045**) and enhancing their confidence (W=4.5, p=.0081**), 
as shown in Figure 9. Teacher interviews further confirmed these 
findings. 

Whole-Class Performance at a Glance. For class-wide in-
struction, a teacher’s primary need is to quickly grasp the overall 
learning status of the class. Teachers found this process highly chal-
lenging when done manually. They had to analyze each student’s 
work individually and then either rely on their often-unreliable 
memory (T2, T5, T12, T19) or invest significant effort in taking 
notes of their observations (T5, T8, T11). 

In sharp contrast, OpenCD’s Class Cognitive Graph received the 
highest praise (Figure 10) and was considered “the most useful for 
whole-class teaching” (T16, T17). Teachers appreciated the cognitive-
level statistics as intuitive, accurate, and clear at a glance (T2, T5, T9, 
T10, T13, T14, T15, T17, T19). They also noted that the behavioral-
level clustering in Class Response Gallery preserved the diversity 
and common patterns in student responses, making the analysis 
more informative (T1, T9, T12, T18). 

Optimizing Effort Allocation through AI-Guided Screen-
ing. Teachers’ instructions are often problem-oriented, prioritizing 
their energy for struggling students who require more attention. 
Manual analysis forced them to review every student’s response 
indiscriminately, a process widely described as tedious and exhaust-
ing (T1, T5, T10, T12, T15). 

OpenCD acted as a “screener” to help teachers quickly pinpoint 
problems. Teachers would identify struggling students from Class 
Cognitive Graph (T10, T12, T14, T15, T17, T19, T20). Then in the 
Individual Cognitive Graph, they could navigate from red markers 
(cognitive nodes and Evidence Tags) to specific cognitive weaknesses 
(T2, T4, T8, T9, T10, T12, T15, T17) or corresponding negative 
evidence in the student’s work (T1, T2, T6, T7, T8, T10, T12). This 
approach significantly optimized their effort allocation. As T12 
stated: “I can spend my time where it matters most. Typical students 
[with difficulties] are easier to find out with AI, so my attention is 
more focused and targeted.” 

6.3.2 Enabling Deeper Insights into Student Thinking. Qual-
itative feedback indicates that OpenCD empowered teachers to fully 
leverage the richness of process data, thereby helping them capture 
both deep cognitive structures and subtle behavioral cues. 

Uncovering the Value of Response Process Information. 
Teachers broadly recognized the huge value of multimodal pro-
cesses in Response Walkthrough, noting that they break through 
the limitations of paper to better reflect students’ true thinking (T1, 
T2, T6, T11, T12, T13, T15, T16, T17). However, the high cost of 
manually analyzing process information often led them to overlook 
important details (T1, T2, T4, T9, T12, T13, T18). 

OpenCD bridges the gap between the value of information 
and the cost of analyzing it, by automating the detection of key 
behaviors, thus fully utilizing the significance of process data. T9 
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Figure 9: Comparison of teacher experience between the Manual condition and the OpenCD-Assisted condition (N=20). Error bars 
represent 95% confidence intervals. (a) NASA-TLX task load scores, where lower scores are better except for last Performance. 
OpenCD significantly reduced the perceived Mental Demand and Effort. (b) Self-reported performance scores, where higher 
scores are better. Using OpenCD significantly increased teachers’ Confidence in their diagnoses. (**p < 0.01, *p < 0.05) 
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Figure 10: User study results (N=20) on feature usability ratings and preferences. This chart combines two visualizations for ten 
system features, which are grouped into four categories. (a) shows the number of votes for teachers’ favorite feature(s). (b) 
shows the distribution of teachers’ usability ratings for each feature on a 7-point Likert scale. 

shared: “When I saw the student’s work was blank, I assumed they 
had no ideas. But the AI’s different analysis reminded me to look at 
their process and what they said, and I found out they actually had 
right ideas [but they erased it in the end].” 

Enhancing the Granularity and Depth of Analysis. Guided 
by the knowledge base, OpenCD performs comprehensive diagnosis, 
which participants reported helped enhance the depth and granu-
larity of their analysis. Several teachers admitted that their usual 
practices were relatively coarse or only focused on surface-level 
behaviors (T8, T9, T17, T19). The system’s fine-grained cognitive 

diagnosis was seen as an effective supplement and extension to 
their own thinking (T4, T5, T9, T13, T16, T17, T19, T20). 

T19 admitted: “[To show a number,] a student arranged objects [as 
pixels] to form a pattern, and I just thought, ‘okay, they just arranged 
them like that.’ But AI told me it might be due to the child’s insufficient 
understanding of number structure and suggested using more tools 
for practice. That helped me understand better.” A participant with a 
principal’s perspective (T1) also highly praised this: “Our teachers’ 
analysis usually stops at whether students can do it or not. But the AI 
can extract underlying mathematical competencies and mindset. This 
is something that average teacher cannot achieve.” 
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Surfacing Subtle Behavioral Cues. Furthermore, OpenCD 
could capture nuanced yet significant behavioral details that even 
experienced teachers might neglect, thereby revealing profound 
differences in students’ cognition (T2, T9, experience ≥ 8 years). 
T2 mentioned an example where OpenCD helped disclose hidden 
misconceptions behind procedural error: during a regrouping addi-
tion, “the AI identified a student’s error of erasing all items in the ones 
place instead of the required 10 items,” which she had not noticed 
during a quick review. Another example shared by T9 highlighted 
identifying more advanced thinking strategies: when calculating 
14+7, the student decomposed and added 14+6, “I thought they tried 
to ‘make ten.’ But AI reminded me that he was ‘making a round 
number,’ which is essentially different. ‘Making a round number’ is to 
facilitate calculation which is more advanced, while ‘making ten’ is 
just place-value. AI actually broadened my perspective a little bit.” 

Nevertheless, a subset of teachers expressed concerns about 
“excessive detail” (T6, T8, T11, T12). They stressed the practical 
constraints of daily instruction, where managing large classes lim-
its their capacity to attend to fine-grained individual differences 
(T8). We further discuss strategies to accommodate these varying 
preferences and mitigate potential friction in § 7.2. 

6.3.3 Potential for Supporting Professional Reflection. Be-
yond assisting with in-the-moment diagnostic tasks, our qualitative 
data suggests that OpenCD may support teachers’ reflection on 
their diagnostic practices. 

Modeling Analytical Frameworks for Novices. For several 
less-experienced teachers (T5, T17, T19, experience ≤ 4 years), 
OpenCD acted as a pedagogical guide. The system’s Evidence Anal-
ysis allowed them to observe how specific student actions could be 
mapped to underlying mathematical thinking. Teachers reported 
that it helped them internalize a more structured analytical frame-
work (T5, T19). Veteran teachers (T2, T3, T8, T15, T16, experience 
≥ 8 years) also commented that they would highly recommend this 
feature to novice colleagues for training purposes. 

Prompting Reflection for Veteran Teachers. Even experi-
enced teachers (T6, T9, T16, experience ≥ 8 years) reported that the 
system broadened their perspectives. T16 noted that “after looking 
at the AI’s analyses a lot, I noticed my own accuracy and granularity 
improved too. It kind of taught me along the way. Because people 
are naturally experience-driven (and it helped me move beyond).” T6 
mentioned that it inspired her to think more carefully and system-
atically during her subsequent manual analysis. 

Inspiration from Personalized Suggestions. The personal-
ized teaching suggestions generated by the system were highly 
praised for their specificity (T2, T4, T6, T9, T10, T16, T19). Even a 
veteran teacher (T14) admitted that while she was proficient at class 
lesson planning, she felt short at providing individualized guidance 
and planning for students’ future development. Therefore, these 
detailed and targeted pedagogical suggestions were seen as a great 
help and had the potential for direct application in “home-school 
communication” (T1, T2, T3, T9, T10, T16). 

6.3.4 Trust and Reliance. On these issues, teachers demonstrated 
complex and even divergent situations. 

Transparency Fostered Trust and Enabled Error Detection. 
Quantitative results indicate high levels of teacher trust (Figure 11). 

Enhance 
Insight 

Professional 
Growth 

Trust 

Reliance 

Usage 
Intention 

Perceived Impact 

Median 

Mean 

1 2 3 4 5 6 7 

Ratings 

More 
Experienced 

Less 
Experienced 

p = 
.048 * 

Reliance Comparison 

(a) 

(b) 

Figure 11: Teachers’ perceived impact of OpenCD and an anal-
ysis of their reliance on the system (N=20). (a) Box plots show-
ing high teacher ratings (on a 7-point scale) for the system’s 
ability to Enhance Insight, foster Professional Growth, and 
their high Trust and Usage Intention. (b) A violin plot com-
paring self-reported reliance between 10 less experienced 
(≤ 6 years) and 10 more experienced (≥ 8 years) teachers. 
The less experienced group showed a significantly higher 
reliance on the system’s diagnoses (*p < .05). 

Qualitatively, participants attributed this to the system’s trans-
parency—specifically, the Evidence Analysis feature (T4, T9, T10, 
T11, T16, T18, T19) and the highlights of insufficient evidence (T18). 
These features allowed teachers to comprehend the AI’s reasoning 
process (T10). Notably, high trust did not result in passive accep-
tance. Leveraging the source-level transparency provided by the 
Response Gallery and Response Walkthrough, the majority of teach-
ers adopted a workflow of “independent judgment followed by 
AI verification” (T1–T6, T9, T11, T14, T19, T20). This approach 
enabled them to identify occasional AI errors, particularly cases 
where the system was overly conservative (T2, T7, T8, T9, T10, T12, 
T15). 

The Reliance Gap. However, we observed a reliance gap based 
on teaching experience. As shown in Figure 11(b), teachers with 
less experience (≤ 6 years) reported significantly higher reliance on 
the system compared to their more experienced (≥ 8 years) coun-
terparts (Mann-Whitney U test, U=24.0, p=.048*). Novice teacher 
T17 admitted, “I would involuntarily follow the AI’s line of thought, 
which makes it hard for me to think otherwise”, while others (e.g., 
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T19) relied primarily on the AI-generated summaries rather than 
raw data. 

7 Discussion 
Our work contributes to the HCI literature on educational assess-
ment tools by advancing beyond outcome-oriented evaluation and 
behavioral metrics [61, 95]—toward deep, process-oriented cogni-
tive diagnosis. However, such deeper analysis introduces greater 
risks of automation, thereby imposing higher requirements for trust-
worthy XAI design. We address this through our grounded hybrid 
architecture and transparent interface design (§ 7.1). Furthermore, 
our evaluation reveals the nuanced tensions inherent in teacher-AI 
collaboration (§ 7.2). Ultimately, we demonstrate the potential for 
scalable process-oriented assessments in practice (§ 7.3). 

7.1 Designing Trustworthy XAI for Educational 
Assessment 

Our work demonstrates how the design of XAI shapes user trust 
and adoption in high-stakes educational contexts. We discuss three 
key design implications. 

7.1.1 Grounding GenAI via Hybrid Architecture. While GenAI 
offers flexibility in interpreting unstructured multimodal data, its in-
herent stochasticity and tendency for hallucination pose significant 
risks in educational diagnosis [38]. Our study suggests that a hybrid 
architecture—synergizing the generative capabilities of VLMs with 
the deterministic reliability of rule-based systems—offers a reliable 
solution [85]. Crucially, we leveraged ECD as an educational frame-
work for better interpretability. By grounding the VLM’s outputs in 
a verified knowledge base, the system mitigates the unpredictability 
often associated with end-to-end models. As shown in § 5.4, this 
architectural choice was central to achieving the high diagnostic 
accuracy and effectively preventing model overconfidence, thereby 
establishing a solid foundation for trustworthy XAI. 

7.1.2 Fostering Trust Calibration through Process Trans-
parency. In the era of GenAI, systems are increasingly capable of 
generating persuasive post-hoc rationalizations, which can mislead 
users into unearned trust [37, 84]. To counter this, OpenCD prior-
itizes process transparency by faithfully exposing its underlying 
reasoning. This approach highlights a broader XAI design op-
portunity for multi-agent systems: intermediate agent outputs 
can be intentionally engineered as structured, intelligible artifacts 
for human visualization [102]. Accordingly, rather than simply 
explaining a final result, our pipeline visualizes meaningful inter-
mediate states (e.g., Evidence Tags) that are inherently interactive. 
Unlike traditional feature-importance XAI methods (e.g., SHAP 
[58], LIME [79]) that offer mathematical approximations of logic, 
this process transparency provides semantic attribution, linking di-
agnostic conclusions directly back to student behaviors. This design 
fostered a “trust calibration” process observed in our user study: 
teachers first carefully reviewed these intermediate steps to verify 
the reasoning logic, and after establishing trust, shifted to utilizing 
conclusions directly. Thus, the system empowers teachers with the 
agency and the capability to identify discrepancies, serving as a 
vital safeguard for human-in-the-loop accountability. 

7.1.3 Aligning Algorithmic Conservatism with Formative 
Assessment Goals. Formative assessment, unlike summative test-
ing, aims to identify gaps in student learning to inform instruction, 
often prioritizing recall (detecting struggles) over precision [8]. Our 
evaluation reveals that the error pattern of OpenCD is a conservative 
bias—a tendency to underestimate students’ mastery. Interestingly, 
teachers showed high tolerance because it aligns with their peda-
gogical goal of screening. They perceived such errors as beneficial 
strictness, which means student’s expression was not clear enough, 
indicating room for improvement. This suggests that in educational 
tools, the key to trustworthiness is not necessarily eliminating “al-
gorithmic bias”, but aligning this bias with the specific pedagogical 
stakes [25]. 

7.2 Navigating the Tensions in Teacher-AI 
Collaboration 

Beyond diagnostic accuracy, our findings reveal the nuanced ten-
sions that emerge when AI tools interact with the diverse expertise 
and mental models of teachers. 

7.2.1 From Over-Reliance to Capacity Building. We observed 
a divergence in usage patterns driven by professional expertise. 
Experienced teachers, possessing proficient domain skills, mainly 
treated the AI as a “verifier” for their independent judgments. In con-
trast, novice teachers showed a higher tendency towards Automa-
tion Bias [70], relying on AI outputs to guide their thinking [34]. 
This raises a critical concern regarding deskilling: long-term, pas-
sive reliance might hinder the professional development of novices 
and lead to skill decay in experienced teachers. Consequently, AI 
systems for professionals must be designed for capacity building, 
not just efficiency. Future designs can consider incorporating Cog-
nitive Forcing Functions [13]—such as explicitly highlighting uncer-
tain cases (e.g., via the insufficient evidence hints in OpenCD), or ac-
tively enabling and encouraging manual error correction [24]. Such 
mechanisms would encourage active engagement and independent 
judgment, thereby cultivating expertise rather than replacing it. 

7.2.2 Bridging the Gap between Algorithmic Frames and 
Mental Models. Sensemaking is often described as the process 
of fitting Data into a Frame [44]. In OpenCD, the Cognitive Graph 
serves as a computational frame to structure the analysis [71]. How-
ever, friction arose when this frame mismatched a teacher’s internal 
mental model. When this happened, teachers retreated to alterna-
tive formats—either identifying patterns directly from the “Data” 
level, or relying on the unstructured Qualitative Reports [15]. This 
mismatch manifested in two dimensions: granularity (some teach-
ers accustomed to coarser-grained analysis) and structural logic 
(some accustomed to hierarchical “mind-map” instead of the pre-
requisite causal graphs). 

This friction suggests that the “knowledge” underlying AI assess-
ments should not be statically defined. Instead, this points towards 
the potential of participatory knowledge base design. Mech-
anisms that enable teachers to contribute to open-ended tasks, 
possible behaviors and underlying cognition, could resolve frame 
mismatches and enhance system acceptance [48]. More importantly, 
such an approach might offer opportunities for expert teachers to 
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encode and propagate their pedagogical wisdom, while serving as 
an evolving learning resource for novices. 

Furthermore, our findings reveal a tension between Micro-
context and Macro-structure [36]. For diagnosing individual 
student (Micro), the structured frame often conflicted with teach-
ers’ preference for rich, unreduced context. However, this same 
structure is necessary for class-level aggregation (Macro), which is 
highly valued by teachers (Figure 10). Therefore, effective educa-
tional AI must support multi-scale sensemaking: offering structures 
for aggregation while allowing fluid transitions to flexible narra-
tives for individual inquiry. This duality should resonate with the 
two distinct pedagogical needs: the efficiency required for in-class 
collective instruction versus the depth required for post-class per-
sonalized tutoring. 

7.3 Enabling Scalable Process-Oriented 
Assessment in Practice 

Our research is not merely an evaluation of a specific tool, but an 
exploration of how AI can help overcome the practical barriers 
of implementing process-oriented assessment in real-world class-
rooms. 

7.3.1 Unlocking the Value of Multimodal Process Data for 
Math Literacy Assessment. Teachers universally recognize that 
a student’s problem-solving process contains far richer cognitive 
information than the static final product [14]. Similarly, regarding 
learning goals, there is a consensus on the need to shift focus from 
rote procedural skills to mathematical literacy [81]. However, in 
traditional practice, capturing the dynamic, multimodal evidence 
required for such assessment demands prohibitive effort [9]. Conse-
quently, even open-ended tasks (e.g., drawing) are often treated as 
“closed-ended problems”—graded solely on whether the final out-
come matches a standard template, fostering instructional practices 
centered on rote repetition and imitation. 

The core contribution of OpenCD is that it significantly low-
ers the cost of analyzing this messy process data. By automating 
the interpretation of multimodal inputs, the system reclaims the 
value of open-endedness, making it feasible to incorporate process 
data into routine assessment at scale. This technological affordance 
facilitates a shift in assessment focus: from judging the simple 
“correctness of a behavior” to interpreting the “level of cognitive 
development.” By surfacing students’ intuitive expressions, the sys-
tem can uncover profound understanding gaps—such as students 
who can perform algorithms but fail to represent numbers con-
cretely—thereby providing a scalable solution for assessing and 
cultivating true mathematical literacy. 

7.3.2 Adapting Personalized Diagnosis to Collective Instruc-
tion Constraints. Idealistic assessment philosophies must con-
front the constraints of real-world teaching environments, where 
collective instruction in large classes remains the norm [88]. As 
noted by participants, even with fine-grained individual diagnoses, 
the capacity for teachers to provide exclusive one-on-one guid-
ance is limited. OpenCD addresses this by alleviating the cognitive 
burden of the diagnostic phase, enabling teachers to allocate their 
limited resources more effectively towards differentiated feedback 
within a collective setting [42]. 

Furthermore, this depth of diagnosis opens new possibilities 
for future AI-driven interventions. Traditional Intelligent Tutoring 
Systems (ITS) often limit interventions to recommending similar 
closed-ended problems [97]. In contrast, because OpenCD assesses 
cognitive development through multimodal processes, it lays the 
foundation for next-generation ITS that can suggest comprehensive 
interventions—such as hands-on manipulation tasks or drawing 
exercises—to holistically foster cognitive development in digital 
learning environments. 

8 Limitations and Future Work 
First, the generalizability of our findings is constrained by the scope 
of our participants and content. We focused exclusively on first-
grade number sense concepts with students recruited from a single 
city. Additionally, the high EdTech familiarity of our teacher partic-
ipants, while consistent with the ubiquity of digital infrastructure 
in Chinese schools, may have contributed to higher system accep-
tance compared to less digitized contexts. The applicability of our 
knowledge base and VLMs’ performance on more complex, higher-
grade topics remain to be validated. Moreover, as the interrelation of 
mathematical knowledge increases, our current method of manually 
constructing the cognitive graph becomes a scalability bottleneck. 
Future work aims to explore semi-automatic or fully automatic 
methods for constructing domain-specific cognitive graphs [2, 100] 
to efficiently expand the system’s content coverage. 

Second, our technical implementation involves trade-offs regard-
ing processing and latency. Our current approach of converting mul-
timodal data into a text-and-image script is a practical workaround; 
future advances in large multimodal models that can process video 
directly may offer more holistic analysis. Additionally, the multi-
step analysis pipeline induces latency (approximately one minute 
per response), which currently precludes real-time adaptive ques-
tioning. Optimizing algorithmic efficiency to enable low-latency, 
adaptive assessment is a key technical direction. We also acknowl-
edge that due to the resource-intensive nature of expert reviews, 
our validation focused on final diagnostic outcomes rather than the 
accuracy of intermediate steps like behavior detection. Furthermore, 
the current interface does not allow users to explicitly override AI 
errors as a feedback mechanism, which has the potential to refine 
the model over time. 

Finally, regarding ecological validity, our user study involved 
teachers analyzing work from unfamiliar students recruited in-
dividually. This setup does not fully capture the dynamics of a 
real classroom, where teachers leverage prior knowledge of their 
students and the cohort exhibits common learning patterns. Further-
more, the benefits reported in this study rely on short-term teacher 
perceptions. While we have demonstrated the system’s utility for 
educators, a critical remaining question is how these diagnostic 
insights translate into tangible benefits for learners. Consequently, 
the system’s objective impact on teaching practices and student 
learning outcomes can only be ascertained through long-term, in-
situ field studies. Future deployments should also address practical 
hardware constraints in schools, potentially exploring integration 
with existing classroom technologies like digital dot-matrix pens 
to improve ecological fit. 
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9 Conclusion 
In this paper, we addressed the challenge of interpreting children’s 
multimodal open-ended response processes to support teacher 
sensemaking. We presented OpenCD, a system that synergizes 
VLMs with expert models grounded in Evidence-Centered Design 
to perform fine-grained cognitive diagnosis. Through an interface 
designed for process transparency, the system enables teachers to 
trace AI judgments back to behavioral evidence, empowering them 
with deeper insights while effectively reducing analysis burden. 
Our work demonstrates the potential of scalable, process-based 
assessment and contributes to the design of trustworthy XAI for 
cognitive diagnosis. 
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A Participants 
A.1 Student Participants in Formative Study 

Part 1 
We recruited 14 students for the first formative study. Their demo-
graphic details are provided in Table 1. Specific school contexts 
(e.g., public vs. private) were not recorded for these participants. 

A.2 Teacher Participants in Formative Study 
Part 2 

We recruited 5 teachers, all adhering to China’s National Curricu-
lum Standards. Their professional backgrounds are detailed in Ta-
ble 2. 

A.3 Teacher Participants in User Study 
We recruited 20 teachers with diverse professional backgrounds, 
all of whom teach in accordance with China’s National Curriculum 
Standards. Detailed profiles, including technical backgrounds, are 
provided in Table 3. For specific details regarding the scales used 
in the table, please refer to Appendix E.1. 
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Table 1: Demographics of Student Participants in the Formative Study. 

ID Grade Gender Age ID Grade Gender Age 

S1 1 Female 6y8m S8 2 Female 8y3m 
S2 2 Female 7y8m S9 K Male 5y7m 
S3 K Male 4y8m S10 2 Female 7y11m 
S4 1 Male 7y4m S11 K Female 6y4m 
S5 1 Male 6y7m S12 K Female 6y1m 
S6 2 Male 7y6m S13 1 Female 6y9m 
S7 1 Male 6y10m S14 1 Female 6y8m 

Table 2: Profiles of Teacher Participants in the Formative Study. 

ID Teaching Exp. (years) Grade 1 Exp. (years) Gender Remarks 

T1 4 2 Female 
T2 8 1 Male 
T3 9 5 Female 
T4 9 4 Female Private school 
T5 13 7 Female Private school 

Table 3: Profiles of Teacher Participants in the User Study. 

ID Teaching 
Exp. 
(years) 

Grades 
1–2 Exp. 
(years) 

Gender Remarks Open-
ended 
Tasks 

Cognitive 
Graph 

Attitude 
toward 
AI 

EdTech 

T1 30 6 Male Also Vice Principal 6 5 5 7 
T2 13 7 Female Private school A; 

Formative study T5 
3 7 6 5 

T3 35 5 Female Retired 6 7 7 6 
T4 3 3 Female 4 4 7 6 
T5 4 2 Female School B 7 6 7 7 
T6 12 3 Female School B 7 4 6 7 
T7 4 4 Female 6 2 7 7 
T8 20 2 Female Private school 7 7 7 5 
T9 8 3 Male School C; 

Formative study T2 
7 5 4 5 

T10 6 2 Male Tutoring institution 6 3 7 7 
T11 1 1 Male School C 5 5 6 6 
T12 6 4 Male Private school D 4 5 6 7 
T13 5 2 Female 6 6 6 7 
T14 9 4 Female Private school D 3 5 6 6 
T15 8 1 Female Private school A 1 6 6 7 
T16 9 3 Male Tutoring institution 6 5 6 6 
T17 1 1 Female 6 4 5 7 
T18 2 0 Female School B 2 5 6 7 
T19 1 1 Female 3 4 7 7 
T20 9 2 Female 5 4 7 7 

B Open-ended Elicitation Tasks 
B.1 Tasks in Formative Study 
The following list presents details each task used in our formative 
study 1. For each task type, we specify the Parameters (e.g., specific 

numbers or quantities) used. Certain task types have initial settings, 
as shown in Figure 12. 

Number Representation “How can you show the number 
N?” 
Parameters (N): 9, 16, 24, 47, 358. 
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Quantity Comparison “Which are more, squares or circles?” 
Parameters (pairs): 4 vs. 5, 7 vs. 7, 9 vs. 8, 12 vs. 13. 

Odd/Even Judgement “Is the number of these objects odd or 
even?” 
Parameters (count): 9, 14, 19, 16. 

Addition “What is A+B? How do you calculate it?” 
Parameters (A+B): 5+3, 6+8, 24+11, 38+17. 

Subtraction “What is A-B? How do you calculate it?” 
Parameters (A-B): 7-4, 13-8, 38-22, 43-26. 

Addition Composition “What numbers add up to N?” 
Parameters (N): 8, 14, 31. 

Subtraction Decomposition “What numbers subtract to N?” 
Parameters (N): 3, 7, 18. 

(a) Tasks for Quantity Comparison 

(b) Tasks for Odd/Even Judgement 

Figure 12: Initial on-screen object arrangements for (a) the 
Quantity Comparison tasks and (b) the Odd/Even Judgement 
tasks. 

To elicit deeper explanations or alternative strategies, we used 
a set of predefined follow-up questions based on the participant’s 
previous response, including 

• “Can you try using a different method?” 
• “Can you try using objects?” 
• “Can you try drawing?” 
• “Can you try using objects or drawing?” 
• “Can you write how you calculate?” 
• “Can you explain your thinking?” 
• “Can you find more answers?” (Primarily used for composi-
tion/decomposition tasks) 

B.2 Tasks in Evaluation 
The following list presents details each task used in our second 
round of student response data collection (for our expert review 
and user study). For each task type, we specify the parameters used. 

Number Representation “How can you show the number 
N?” 
Parameters (N): 17, 46, 358. 

Addition with Regrouping “Can you show me how you cal-
culate A+B?” 
Parameters (A+B): 6+8, 15+7, 27+14. 

Subtraction with Regrouping “Can you show me how you 
calculate A-B?” 
Parameters (A-B): 13-7, 24-15, 45-28. 

We used the following set of predefined follow-up questions: 
• “Can you try using objects?” 
• “Can you try drawing?” 
• “Can you try using objects or drawing?” 
• “Can you try writing?” 
• “Can you explain your thinking?” 
• “Can you explain your calculation?” 

C Study Method Details 
C.1 Student Response Platform 
We developed a custom web-based data collection platform using a 
Vue 3 frontend and a Python backend, deployed on a 13-inch iPad 
with Apple Pencils. As shown in Figure 13, the interface supports 
multimodal interactions corresponding to three representational 
modes: 

• Enactive Mode: Virtual manipulation of objects such as 
circles and squares from the side panel. 

• Iconic & Symbolic Modes: Free-form drawing and writing 
using the Apple Pencil. 

Figure 13: The student interface. The central area is the can-
vas for responses. Students can drag objects from the left 
panel or return them, and select a pen or eraser from the 
right panel. 

The system captures synchronized audio and granular on-screen 
interaction logs: 

• Object Manipulation: Events including adding, moving, 
clicking, and returning objects are logged with specific object 
IDs, coordinates, and timestamps. 

• Pen Strokes: Drawing, erasing, and clear-all actions are 
recorded with stroke trajectories and timestamps. 

C.2 Analysis in Formative Study Part 1 
We conducted the following two-stage analysis, which is method-
ologically grounded in [10]: 
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First, we coded the student responses to identify key behav-
iors—that is, “what students did and how they did it.” Examples of 
such codes include “student used one-to-one correspondence to rep-
resent a number” and “student used different objects to represent 
tens and ones.” We began with an a priori set of behavioral codes 
informed by foundational research on the developmental levels of 
multi-digit numbers [31], odd/even numbers [55], and strategies 
of addition and subtraction [7, 92]. One researcher then employed 
open coding during the analysis to incorporate new behaviors not 
covered by the initial theoretical framework. A second researcher 
then reviewed and refined the codes. Through this process, we iden-
tified 54 typical behaviors across the tasks. Subsequently, based on 
established literature, we inferred students’ cognitive states, such as 
their developmental level and patterns of strategy choice. Crucially, 
during this process, the researchers maintained analytical memos 
to document ambiguities, interpretation challenges, and the specific 
reasoning steps taken to resolve them. 

In the second stage, we conducted a meta-analysis of our own 
analytical process to inform the design of an automated system. 
The analytical memos and documented challenges from Stage 1 
served as the primary data for this stage. This meta-analysis was 
formally guided by two key questions: (1) “What information was 
essential for accurately understanding a student’s intent?” and 
(2) “What behaviors served as evidence for diagnosing cognitive 
states?”. Two researchers iteratively categorized the documented 
information needs and the types of evidence used for diagnosis. We 
then synthesized these categories into the core analytical challenges 
(F1-1 to F1-3) that the system must address. 

C.3 Review Procedure of Expert Evaluation 
Apparatus. As shown in Figure 14, we adapted the OpenCD 

interface for the review task into two modes: 

• Scoring Mode: The results of the AI analysis are hidden, with 
access to students responses by Response Walkthrough. Ex-
perts can rate the student’s mastery level and evidence suffi-
ciency. 

• Feedback Mode: The interface displays a side-by-side com-
parison of the expert’s ratings and the AI’s diagnosis. The 
experts can label the reasonableness of the AI diagnosis, 
annotate specific errors and provide explanations if unrea-
sonable. 

In addition, we provided experts with access to all video clips of 
every student’s response (containing screen activity and audio) via 
a cloud storage link. We also provided detailed rating criteria, and 
examples of diagnostic logic and ratings for two sample students 
to familiarize the experts with the task. 

Procedure. We used following three-phase protocal: 
Onboarding & Rating. The goal of this phase was to ensure that 

the experts formed their own independent judgements of students 
before viewing the AI results. This phase lasted around 4–5 hours 
and involved the following steps: 

• Introduction to criteria: We introduced the rating task and 
provided detailed rubrics for rating mastery level and evi-
dence sufficiency. 

• Data familiarization: The experts conducted an initial re-
view of all student responses and took preliminary notes on 
whether each student performed well or poorly for each task 
type. 

• Logic and rubric calibration: Using the system’s Scoring 
Mode, experts practiced rating the responses from the first 
two students for all three task types. They iteratively rated 
students and viewed the examples to ensure a consistent 
understanding of the diagnostic logic. 

• Independent Rating: The experts proceeded to independently 
rate the remaining 14 students on 3 task types and take notes 
of evidence. 

Independent Review. The experts then entered the system’s Feed-
back Mode, where their initial ratings were displayed alongside the 
AI-generated diagnoses for comparison. This phase lasted around 
3 hours. Experts evaluated the AI’s results with the rationale and 
evidence, following these steps: 

• Reasonableness labeling: Experts classified each AI diagnosis 
as either “Completely Reasonable” or “Partially Unreason-
able”. 

• Error Specification: If labeled “Partially Unreasonable”, ex-
perts further specified the error type by selecting from prede-
fined types: mastery level being substantially overestimate, 
slightly overestimate, slightly underestimate, or substantially 
underestimate, and evidence sufficiency misjudged as suffi-
cient or insufficient. 

• Qualitative Justification: Based on the rationale and evidence 
given by AI, experts provided written or verbal feedback 
of error causes, such as missing, misjudging or misusing 
evidence. 

Consensus Meeting. Finally, the two experts met to discuss all 
discrepancies in their independent reviews, including differences 
of reasonableness and error types and reached a final consensus 
for all evaluated items. This phase lasted around 1 hour. 

C.4 Apparatus for User Study 
We adapted the OpenCD interface into two experimental modes: 

• Manual Mode: This mode provided only the students re-
sponses and their processes, as shown in Figure 15. The 
cognitive graph and its manual scoring tools were available 
as optional aids. 

• OpenCD-Assisted Mode: This mode offered the full function-
ality, with students responses plus OpenCD’s diagnosis. 

Each mode present data from the same 12 students. In the exper-
iment, we randomized the student order and selected a balanced 
set of 12 students for each teacher. 

Besides, we provided a Tutorial Mode, functionally identical 
to OpenCD-Assisted Mode but using data from the 4 remaining 
students. In addition, video clips of every student’s response were 
accessible via a cloud storage link. 

D System Implementation Details 
D.1 Performance of VLM 
To assess the VLM’s performance, we examined the accuracy of the 
Response Comprehension agent using the student response data 
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(a) Scoring Mode for Expert Review (task Subtraction with Regrouping as example) 

(b) Feedback Mode for Expert Review (task Number Representation as example) 

Figure 14: The two modified user interface modes for the expert review study. (a) In Scoring Mode, experts rated student mastery 
based on the Response Walkthrough, with the AI’s analysis hidden. (b) In Feedback Mode, experts saw the AI’s diagnosis and 
provided feedback on its reasonableness. 

collected during the formative study and identified several error 
types. 

Out of the 299 responses collected in the formative study, the 
VLM accurately understood the students’ visual outcomes, pro-
cesses, and intentions in 93.6% (280/299) of cases. Accuracy rates 
varied across different task types due to the diverse answering 
behaviors: 84.6% (44/52), 97.8% (45/46), 97.2% (35/36), 95% (57/60), 
88.9% (40/45), 96.7% (29/30), and 100% (30/30) (following the order 

presented in Appendix B.1). Notably, the three types with rela-
tively lower accuracy—Number Representation, Addition, and Sub-
traction—were associated with more diverse and complex student 
expressions. Therefore, these were the three task types we se-
lected for the subsequent Evaluation phase. 

Regarding the 19 cases of incorrect comprehension, we further 
identified the error types as follows: 

• Counting (9 cases): The VLM miscounted the number of 
shapes or items in the image. 
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Figure 15: Manual Mode for User Study (Addition with Regrouping as example) 

• Intent Interpretation (5 cases): The students’ expressions 
were ambiguous and lacked verbal explanation. The VLM 
either failed to grasp the student’s intent or hallucinated an 
intent. 

• Pattern Recognition (2 cases): Students used shapes as 
pixels to construct a pattern, but the representation was 
unclear, and the VLM failed to recognize it. 

• Handwriting Recognition (1 case): The VLM misidenti-
fied a "plus" sign as a Chinese character. 

• Layout Recognition (1 case): The VLM incorrectly de-
scribed the spatial layout of the shapes. 

• Process Hallucination (1 case): The VLM hallucinated 
operational steps that the student did not actually perform. 

Throughout our development process, consistent with Findings 
1-2 from the formative study, we found that the process (descrip-
tions of operations and intermediate canvas), the verbal expla-
nations, and even prior responses significantly aided the VLM 
in understanding student intentions and visual outputs. (For ex-
ample, while VLMs often struggle with counting, incorporating 
descriptions of the operation process—such as dragging to add 
shapes—effectively reduced counting errors.) Additionally, the con-
text of the question itself helps the VLM understand intent and 
visuals; however, this can occasionally lead the VLM to over-rely 
on the question context. For instance, in cases where a student 
drew the wrong number of shapes, the VLM sometimes assumed 
the quantity matched the correct requirement of the question. 

D.2 Encoding Multimodal Temporal Data 
We use the Doubao API for ASR. Object manipulations are described 
textually, including quantities (e.g., “Add blue squares ×3”), to help 
the VLM count more accurately. 

Screen images can be reconstructed from the interaction log. Due 
to the context window and attention limitations of VLMs, inputting 

the entire process frame-by-frame is infeasible. Therefore, we select 
a limited number of keyframes based on the following rules: 

• The start and end frames of the response. 
• Frames immediately before and after a major clear event (of 
either objects or pen strokes). 

• Frames ever after a certain number of interactions have 
occurred. 

• If a frame is blank, we use a textual note (e.g., “The canvas 
is clear”) instead of an image. 

D.3 Large Model Configuration 
Both the VLM and the LLM Agent use the Gemini-2.5-Pro model. 
We set the temperature to 0 for deterministic outputs. The prompts 
are designed using a zero-shot Chain-of-Thought (CoT) approach, 
and the model is accessed via its API. 

E Questionnaires 
E.1 Teacher Background and Technical 

Proficiency 
Ratings were collected on a 7-point Likert scale (1 = Very Low / 
Negative, 7 = Very High / Positive). 

(1) Familiarity with Open-ended Tasks: Before this study, 
how familiar were you with assessment formats involving 
open-ended multimodal tasks (e.g., drawing, object manipu-
lation)? 

(2) Familiarity with Cognitive Graphs: Before this study, 
how familiar were you with the concept of Knowledge/Cognitive 
Graphs, including the developmental prerequisite rules (e.g., 
mastering advanced concepts requires mastering founda-
tional ones)? 

(3) Attitude toward AI: What is your general attitude toward 
the application of AI in education? 
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(4) Frequency of EdTech Use: How frequently do you use 
educational technology tools or digital teaching platforms 
in your daily instruction? 

E.2 NASA-TLX 
1 for very low, 7 for very high 

(1) Mental Demand: What was the level of mental load for think-
ing, decision-making, or memory? 

(2) Physical Demand: What was the level of physical demand 
experienced during the task? 

(3) Effort: How much effort did you expend to achieve the cur-
rent level of performance in the analysis report? 

(4) Temporal Demand: What was the level of time pressure you 
experienced? (e.g., feeling rushed versus feeling unhurried 
with time for reflection). 

(5) Frustration Level: How much frustration, irritability, or stress 
did you feel during the task? 

(6) Performance: How successful and satisfied were you with 
your task performance? 

E.3 Self-Report Performance 
1 for strongly disagree, 7 for strongly agree 

(1) Confidence in Analysis: I am very confident in the correct-
ness of my conclusions from the learning analysis. 

(2) Class Performance: I have comprehensively and deeply un-
derstood the overall class performance. 

(3) Individual Learning Profiles: I have deeply understood 
the situations of representative students with stronger and 
weaker performance. 

(4) Unexpected Answers: I have clearly understood the reasons 
behind some unexpected responses. 

E.4 System Usability and Preferences 
Feature Usefulness Rating: To what extent did the following sys-
tem functionalities contribute to your understanding and analysis 
of student learning? (1 = Not helpful at all, 7 = Very helpful) 

Feature Preference: Which system functionalities do you value 
most? (Select up to 4 out of the 10 features). 

E.5 Perceived Impact and Usage Intention 
1 for strongly disagree, 7 for strongly agree 

(1) Enhance Insight: Without this AI system, I might miss im-
portant insights about student learning. 

(2) Professional Growth: Sustained use of this system would 
enhance my own student learning analysis capabilities. 

(3) Trust: I tend to trust the analytical conclusions provided by 
this AI system. 

(4) Reliance: I rely on this AI system and would be largely influ-
enced by its conclusions. 

(5) Usage Intention: If available, I would use this AI system 
to assist in analyzing student learning profiles from open-
ended, drawing-based tests. 

F Interview Script 
Comparing the Effects of Student Learning Analysis. 

(1) What do you consider the most significant differences be-
tween the two modes of student learning analysis? 

(2) In which aspects was the manual analysis less effective or 
satisfactory, and in which aspects did it perform well? 

(3) Did the OpenCD-Assisted mode help you better understand 
students’ learning progress? If yes, in what ways did it pro-
vide support? 

(4) Were there aspects in which you felt the OpenCD-Assisted 
analysis was less effective, misleading, or even had negative 
side effects? If so, could you provide examples? 

(5) How did the processes or workflows differ between the two 
modes? 

(6) Did the OpenCD-Assisted mode help you identify details that 
might be overlooked in manual analysis? Were there any 
results you disagreed with or found misleading? If so, could 
you give specific examples? 

(7) Did you find it necessary to revisit original video recordings? 
Based on the current presentation of students’ responses (Re-
sponse Walkthrough), is the provided information sufficient? 

Evaluation of System Functionalities. 
(1) How did the system features assist you? In what specific 

aspects do they play a role? 
(2) What is your perspective on [system function]? Would its 

removal have a significant impact? 

Impact, Applicability, and Future Prospects. 
(1) Did you trust the diagnostic conclusions provided by the AI 

system, and why? 
(2) Have you noticed any results from the AI analysis that you 

consider unreasonable or problematic? 
(3) In what kinds of teaching activities or classroom scenarios do 

you see a demand for, and suitability of, such an AI analysis 
system? Can it be applied in other grade levels or knowledge 
domains of mathematics? 

(4) Beyond teachers, do you think this system could be useful 
for other stakeholders? 

(5) Did the AI analysis results support you in making instruc-
tional decisions or clarifying teaching directions? 

(6) Has the system provided inspiration or insights that en-
hanced your teaching practice and analytical capacity? 

(7) What limitations did you observe, and what suggestions 
would you propose for improvement? 

G Knowledge Base of Expert Model 
The expert model’s Knowledge Base was developed to cover the 7 
task types used in this study, informed by both academic literature 
and data from our first formative study. The full Knowledge Base 
includes detailed descriptions of each behavior and cognitive node. 
These descriptions are an essential part of the input provided to 
our VLM and LLM agents to guide their analysis. For brevity, the 
following content, which has been translated from the original 
Chinese, presents only the structure of the Knowledge Base and 
omits these detailed descriptions. 
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G.1 Typical Behaviors and Mapping Relations 

Number Representation 
Writing - Sequential Numbers (+)> Ordinality 
Objects/Drawing - Unitary Quantity (+)> Cardinality 
- Is Grouped: true/false (+/-)> Grouping 
- Uses Grouping to Distinguish Place Values: true/false (+/-)> Place Value Combination 
Drawing - Combination of Place Value Units (+)> Place Value Units 
- Method of Distinguishing Place Values: "Grouping", "Size", "Shape", "Positional" (+)> Place Value Units 
Objects - Combination of Place Value Units (+)> Place Value Units 
Writing - Arabic Numeral (+)> Number Symbols 
Objects - Numeral Shape Construction (+)> Number Symbols 
Writing - Decomposition into Addition (+)> Grouping 
- Is Decomposed by Place Value: true/false (+/-)> Place Value Combination 
Objects/Drawing - Concatenating Digits (-)> Place Value Combination 
Objects/Drawing/Writing - Object times Number (+)> Cardinality 
Unable to Perform (Number Representation) (-)> Place Value Units 

Quantity Comparison 
Comparison by Counting (+)> Number Magnitude Comparison 
- Compared Correctly: false (-)> Number Magnitude Comparison 
Comparison by One -to-One Correspondence (+)> Intuitive Quantity Comparison 
Unable to Perform (Quantity Comparison) (-)> Number Magnitude Comparison 

Odd/Even Judgement 
Judging Parity by Counting (+)> Odd/Even Number Sets 
- Judged Correctly: false (-)> Odd/Even Number Sets 
Judging Parity by Pairing (+)> Intuitive Parity 
Judging Parity by Grouping and Combining (+)> Parity Operation Rules 
- Parity Arithmetic Correct: false (-)> Parity Operation Rules 
Unable to Perform (Judging Parity) (-)> Odd/Even Number Sets 

Addition (with Regrouping) 
Objects/Drawing - Expressing Addition as ' Adding To' (+)> Intuitive Addition 
Objects/Drawing - Expressing Addition as ' Combining ' (+)> Intuitive Addition 
Objects/Drawing - Representing Addends and Sum Separately (+)> Intuitive Addition 
Objects - Addition Equation Shape Construction (-)> Intuitive Addition 
Writing - Addition Equation (+)> Concept of Addition 
Objects/Drawing/Writing - Object times Number and Add (+)> Concept of Addition 
Unable to Perform (Intuitive Representation of Addition) (-)> Intuitive Addition 
Counting Addition (+)> Counting Addition 
- Calculated Correctly: false (-)> Counting Addition 
Memorized Addition (+)> Counting Addition 
- Calculated Correctly: false (-)> Counting Addition 
Making Ten Strategy (+)> Making Ten Addition 
- Calculated Correctly: false (-)> Making Ten Addition 
Place Value Decomposition Addition (+)> Column Addition 
- Calculated Correctly: false (-)> Column Addition 
Column Addition (+)> Column Addition 
- Calculated Correctly: false (-)> Column Addition 
Unable to Perform (Addition Calculation) (-)> Column Addition 
Objects/Drawing - Composing a Ten (+)> Intuitive Making Ten 
Objects/Drawing - Direct Addition , No Making Ten Shown (-)> Intuitive Making Ten 
Objects/Drawing - Direct Addition , No Regrouping Shown (-)> Intuitive Regrouping 
Objects/Drawing - Regrouping by Bundling (+)> Intuitive Regrouping 
Objects/Drawing - Regrouping by Exchanging Ones for Ten (+)> Intuitive Regrouping 

Subtraction (with Regrouping) 
Objects/Drawing - Expressing Subtraction as ' Taking Away ' (+)> Intuitive Subtraction 
Objects/Drawing - Expressing Subtraction as ' Comparing ' (+)> Intuitive Subtraction 
Objects/Drawing - Representing Minuend , Subtrahend , and Difference Separately (+)> Intuitive Subtraction 
Objects - Subtraction Equation Shape Construction (-)> Intuitive Subtraction 
Writing - Subtraction Equation (+)> Concept of Subtraction 
Objects/Drawing/Writing - Object times Number and Subtract (+)> Concept of Subtraction 
Unable to Perform (Intuitive Representation of Subtraction) (-)> Intuitive Subtraction 
Counting Subtraction (+)> Counting Subtraction 
- Calculated Correctly: false (-)> Counting Subtraction 
Memorized Subtraction (+)> Counting Subtraction 
- Calculated Correctly: false (-)> Counting Subtraction 
Breaking Ten Strategy (+)> Breaking Ten Subtraction 
- Calculated Correctly: false (-)> Breaking Ten Subtraction 
Subtracting to Ten Strategy (+)> Breaking Ten Subtraction 
- Calculated Correctly: false (-)> Breaking Ten Subtraction 
Column Subtraction (+)> Column Subtraction 
- Calculated Correctly: false (-)> Column Subtraction 
Think -Addition Strategy (+)> Counting Subtraction 
Place Value Decomposition Subtraction (+)> Column Subtraction 
- Calculated Correctly: false (-)> Column Subtraction 
Unable to Perform (Subtraction Calculation) (-)> Column Subtraction 
Objects/Drawing - Demonstrating Breaking Ten (+)> Intuitive Breaking Ten 
Objects/Drawing - Demonstrating Subtracting to Ten (+)> Intuitive Breaking Ten 
Objects/Drawing - Direct Subtraction , No Breaking Ten / Subtracting to Ten Shown (-)> Intuitive Breaking Ten 
Objects/Drawing - Direct Subtraction , No Regrouping Shown (-)> Intuitive Regrouping (Subtraction) 
Objects/Drawing - Expressing Regrouping by Unbundling (+) > Intuitive Regrouping ( Subtraction) 
Objects/Drawing - Expressing Regrouping by Trading Ten for Ones (+)> Intuitive Regrouping (Subtraction) 

Additive Decomposition 
Writing - Listing Additive Combinations (+)> Additive Decomposition 
- Listed in Sequence: true/false (+/-)> Additive Compensation Principle 
- Applied a Pattern to Generate More Results: true/false (+/-)> Additive Compensation Principle 
Objects/Drawing - Representing Each Additive Decomposition Separately (-)> Intuitive Additive Compensation 
Objects/Drawing - Showing Combinations by Regrouping Objects (+)> Intuitive Additive Compensation 

Subtractive Decomposition 
Writing - Listing Subtractive Combinations (+)> Subtractive Decomposition 
- Listed in Sequence: true/false (+/-)> Constant Difference Principle 
- Applied a Pattern to Generate More Results: true/false (+/-)> Constant Difference Principle 
Objects/Drawing - Representing Each Subtractive Decomposition Separately (-)> Intuitive Constant Difference 
Writing - Using Ellipsis to Show Infinity (+)> Infinity of Solutions 
- Demonstrates Infinity: false (-)> Infinity of Solutions 
Objects/Drawing - Showing Combinations by Adding/Removing Objects (+)> Intuitive Constant Difference 



OpenCD: Empowering Diagnosis of Children’s Mathematical Cognition through Open-ended Multimodal Tasks CHI ’26, April 13–17, 2026, Barcelona, Spain 

G.2 Cognitive Graph 

Number Representation 
Ordinality 
Cardinality <- Ordinality 
Grouping 
Number Symbols 
Place Value Combination <- Number Symbols , Grouping , Cardinality 
Place Value Units <- Place Value Combination 

Quantity Comparison 
Concept of Quantity Comparison <- Cardinality 
Number Magnitude Comparison <- Concept of Quantity Comparison 
Intuitive Quantity Comparison <- Concept of Quantity Comparison 

Odd / Even Judgement 
Concept of Parity <- Cardinality 
Odd/Even Number Sets <- Concept of Parity 
Intuitive Parity <- Concept of Parity 
Parity Operation Rules <- Grouping , Intuitive Parity 

Addition (with Regrouping) 
Concept of Addition 
Intuitive Addition <- Concept of Addition 
Counting Addition <- Concept of Addition 
Making Ten Addition <- Counting Addition 
Intuitive Making Ten <- Counting Addition , Intuitive Addition 
Column Addition <- Counting Addition 
Intuitive Regrouping <- Place Value Combination , Counting Addition , Intuitive Addition 

Subtraction (with Regrouping) 
Concept of Subtraction 
Intuitive Subtraction <- Concept of Subtraction 
Counting Subtraction <- Concept of Subtraction 
Breaking Ten Subtraction <- Counting Subtraction 
Intuitive Breaking Ten <- Counting Subtraction , Intuitive Subtraction 
Column Subtraction <- Counting Subtraction 
Intuitive Regrouping (Subtraction) <- Place Value Units , Counting Subtraction , Intuitive Subtraction 

Additive Decomposition 
Additive Decomposition <- Counting Addition 
Additive Compensation Principle <- Additive Decomposition 
Intuitive Additive Compensation <- Additive Compensation Principle 

Subtractive Decomposition 
Subtractive Decomposition <- Counting Subtraction 
Constant Difference Principle <- Subtractive Decomposition 
Intuitive Constant Difference <- Constant Difference Principle 
Infinity of Solutions <- Constant Difference Principle 

H Prompts 
The prompts for our multi-agent system, presented below, were prompt-engineered and iteratively refined using the data collected in our 
first formative study. 

Please note the following regarding these prompts: 
• They have been translated from the original Chinese. 
• Red text indicates placeholders for variables, abbreviations, or desired output. 

H.1 Response Comprehension 

You are given an open -ended math problem that can be answered using objects (pre -set squares and circles in four possible colors), strokes (for drawing or writing), and 
speech. 

A student (around first grade) has answered this question. Your task is to understand the child 's response process by analyzing the Response Process , which includes 
operations , speech recognition results (which may contain errors), and screenshots. 

In the "Response Process ": 
You will see the question , including the initial prompt and any follow -up questions. 
The log is formatted as follows: 

<emoji -pen > Stroke -related actions; can be ' writing ' or 'drawing '. 
<emoji -sponge > Eraser -related actions; may indicate corrections or be used to demonstrate a dynamic process. 
<emoji -bricks > Object -related actions; includes adding , removing (returning), moving , clicking , etc. 
<emoji -speak > Speech content. Generally used to explain their actions or thoughts. 
Note that stroke and object actions may be followed by '×𝑁 ' to indicate the number of operations. However , ' Stroke ×𝑁 ' means N strokes were made , which does 

not necessarily equal the number of items drawn. You must use the screenshots to determine the actual images. 
The log also includes screenshots taken at the following times: 

At the beginning and end of the response; 
Before and after large -scale "remove object" or "eraser" operations; 
Periodically after a significant number of operations. 

The current question type is: "%question_type%"; 

Additionally , identify the primary modalities the student used to answer (Objects , Drawing , Writing , Speech). You do not need to list every modality used , only the main 
ones. There can be more than one. 

Finally , provide a detailed description of the student 's response process. This description should summarize the "Response Process" and clearly explain how the student 
answered the question , such that a person who has not seen the log can understand the student 's process from your description. 
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Notes: 
- There may be follow -up questions asking the student to clarify their meaning. In such cases , the student might use speech to explain their previous actions. Use 

their explanation to understand the response process , especially when the operational steps are long or complex and the details are not immediately clear from 
the actions alone. The student 's spoken explanation is crucial here. 

- The student 's use of the eraser could mean correction , but it could also be part of a dynamic demonstration. If a student erases objects or strokes , it might be 
to represent ' taking away ' or to move an item , not necessarily to fix a mistake. 

- Although the Response Process is chronological , speech and actions may overlap in reality (i.e., the student speaks while performing an action). Therefore , the 
linear sequence in the log does not strictly correspond to the actual order , and a continuous series of actions might be interrupted by a speech entry. Do not 
over -interpret the sequential relationship between adjacent speech and action entries. 

- Screenshots are taken periodically after a certain number of actions and do not necessarily represent keyframes. Do not rely heavily on these intermediate 
screenshots to segment the student 's response process. Focus on analyzing the sequence of operations and the speech content , using screenshots primarily to 
understand the content and layout of strokes and objects. 

- Do not over -speculate about the student 's internal thoughts or mental state. Focus on describing the student 's observable behaviors and response process: what 
they drew , wrote , said , and how they manipulated objects. Be reasonably detailed about the content shown in the screenshots. 

- You are not proficient at accurately counting the number of items in an image. When you need to output a quantity , you can refer to the problem description or in-
progress object counts from the log. Since you may struggle to determine the exact number of hand -drawn items and identify counting errors , focus your 
analysis on the student 's method and thinking process rather than on whether the quantity drawn is perfectly correct. 

- Do not hastily judge the student 's response as incorrect. The provided screenshots are not a complete video record , and you cannot assume an action was performed 
incorrectly or not at all just because you didn ' t see it. Rely on the student 's speech to infer their intent and actions. The speech may not be immediate; it 
might come after the response is complete. 

Besides , some of the response or screenshots may not be easy to interpret , you can refer to prior Q&As to understand. 
The prior questions and response summaries are: 
%previous_QAs% 

Response Process: 
[text -and -image script of process] 

When responding , use the following chain -of-thought steps. Please reply in the specified JSON format: 
```json 
{ 

"Response Analysis ": "First , review and analyze the student 's operational steps one by one to clearly understand their response , but do not over -speculate about 
their internal thoughts or mental state. If there is clear speech , refer to the student 's spoken explanation to understand their behavior and intent. (The 
student 's process may not be perfectly neat , which could be due to the difficulty of using the tools rather than a lack of mathematical understanding. The 
screenshots you see are incomplete , and intermediate details may be missing; you should use speech to help understand the full process .)", 

"Primary Modalities ": [...], // list[str], possible values are "Objects", "Drawing", "Writing", "Speech ". List only the most central modalities used; there can be 
more than one , but try to list only the most essential ones. 

"Response Summary": "Describe and summarize the student 's response process. Do not describe the question content; focus on the student 's actions and how they 
answered the question. The final screenshot can be described in detail; intermediate screenshots are for your own understanding and do not need to be 
described deliberately ." 

} 
``` 

H.2 Behavior Detection 

You are given an open -ended math problem that can be answered using objects (pre -set squares and circles in four possible colors), strokes (for drawing or writing), and 
speech. 

A student (around first grade) has answered this question. Your task is to detect the child 's behavioral features by analyzing the response process , which includes 
operations , speech recognition results (which may contain errors), and screenshots. 

In the "Response Process ": 
... Same as the prompt for Response Comprehension ... 

The "Behavioral Feature" format is as follows: 
{ 

"name": "Name of the behavioral feature", 
"description ": "Description and criteria for the behavioral feature", 
"properties ": [ 

{ 
"name": "Property name", 
"description ": "Description and criteria for the property", 
"value_type ": "The value type of the property , e.g., boolean , string , etc.", 

}, 
... 

] 
} 
The name of a behavioral feature may follow the format ' Action Type - Specific Behavior ,' where the action types include: 

Objects: Using pre -set squares or circles. 
Drawing: Using strokes to draw patterns. 
Writing: Using strokes to write numbers or symbols. 

The action type can be a combination , such as ' Objects/Drawing ,' indicating the behavior can occur with either action type. 
' properties ' may be an empty list or contain multiple properties. 

"Behavioral features" will be provided to you as a dictionary of behavioral scopes , where each scope contains a list of features: 
{ 

"A Behavioral Scope": [ 
{ 

"name": "An Action Type - A Specific Behavior", 
... // description , properties , etc. 

}, 
... // other behavioral features 

], 
... // other behavioral scopes and their features 

} 
Generally , at least one behavioral feature should be detected within each relevant behavioral scope. 

When you detect a behavioral feature , you must: 
Provide a specific explanation of the behavior , such as what the child specifically did. This explanation is for the teacher to understand why this feature was 

identified. 
If the feature has properties , provide the value for each property , along with a specific explanation for that property. 

Response Process: 
[text -and -image script of process] 

The understanding and summary of the response process above is as follows: <Response Summary > 
%response_summary% 
</Response Summary > 

The dictionary of behavioral scopes (with their feature lists) is as follows: %behavior_list% 
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When responding , do not directly output the behavioral features. Instead , use the following chain -of-thought steps. Please reply in the specified JSON format: 
```json 
{ 

"Behavioral Analysis ": "Briefly analyze the student 's response to determine which behavioral features exist within each behavioral scope. This includes identifying 
expected behaviors (based on the context , what was the student expected to do?) that were not performed. You should identify the most accurate behavioral 
feature. If a feature has properties , you must also analyze and determine their values.", 

"Behavioral Features": { 
// Iterate through each behavioral scope , including: %behavior_scopes% 
"A Behavioral Scope": [ // A list of behavioral features detected in this scope; can be one or more. 

{ 
"name": "The name of the behavioral feature , which must exactly match a name from the provided ' Behavioral Features List '", 
"explanation ": "A specific explanation of this behavior as performed by the child", 
"properties ": [ 

{ 
"name": "Property name", 
"explanation ": "A specific explanation for this property of the child ' s behavior", 
"value": boolean | string | ... 

}, 
... 

] 
}, 
... 

] 
} 

} 
``` 

H.3 Unclassified Mapping 

You are given an open -ended math problem that can be answered using objects (pre -set squares and circles in four possible colors), strokes (for drawing or writing), and 
speech. 

A student (around first grade) has answered this question. To analyze the student 's response , a preliminary analysis has already been conducted , detecting several 
relevant behavioral features. However , some features did not match the standard list and were therefore labeled as "Other". 

All standard behavioral features can be automatically mapped to a cognitive node as positive or negative evidence. However , "Other" features cannot be mapped directly. 
Your task is to further analyze these "Other" features and determine if they can serve as positive or negative evidence for any cognitive nodes. 

In the "Response Process ": 
... Same as the prompt for Response Comprehension ... 

The understanding and summary of the response process above is as follows: <Response Summary > 
%response summary% 
</Response Summary > 

The "Identified Behavioral Features" for this response are as follows: 
%behavior_features% 

All "Cognitive Nodes" and their associated "Standard Behavioral Features" are as follows: 
%cognitions_connections% 

You need to analyze the "Other" behavioral features from this response and determine if they can serve as positive or negative evidence for any cognitive nodes. 
Try to understand the meaning of the behavior. A student using a special method could indicate several possibilities: 

The student used a non -standard , more advanced method , which could indicate mastery of a certain cognitive node. 
The student used a non -standard , more basic method , which could indicate mastery of a foundational cognitive node but not a more advanced one. (In this case , it 

might map to two cognitive nodes). 
The student has not mastered a standard method and therefore used a method incorrectly (making it erroneous , inefficient , or ineffective), which appears special. 

This could indicate a lack of mastery for the cognitive node associated with the standard method. 

Note , you should output only the most relevant cognitive nodes , not all possible ones. Please try to limit the number of mapped cognitive nodes. 
Regarding calculation methods , some are parallel alternatives. Therefore , using one calculation method does not necessarily imply a lack of mastery of another. 

Intuitively demonstrating one method does not necessarily imply a lack of intuitive understanding of another. 

When responding , do not directly output the result. Instead , use the following chain -of-thought steps. Please reply in the specified JSON format: 
```json 
{ 

"Feature Matching ": "Carefully analyze the ' Other ' behavioral feature to understand its meaning. Analyze which standard behavioral features it most closely 
resembles. (If a standard feature name is repeated or has specific properties , it may match several).", 

"Cognitive Mapping ": "Based on the standard behavioral features , analyze the meaning of the related cognitive nodes and determine if the behavior can be mapped to 
mastery (or lack thereof) of a node. Unless the behavior is a very close match to a standard feature or node , do not map it to multiple cognitive nodes 
without strong justification .", 

"Behavior Feature": [ // Iterate through each ' Other ' feature in the ' Identified Behavioral Features ' 
{ 

"outlier_behavior ": "The name of the ' Other ' behavioral feature , which must exactly match the name from the ' Identified Behavioral Features ' input", 
"mappings ": [ // This behavior may map to multiple cognitive nodes , but be conservative. 

{ 
"analysis ": "Provide the analysis and justification for why this specific behavior indicates the mastery status of the cognitive node.", 
"cognition ": "The name of the cognitive node , which must exactly match a name from the provided ' Cognitive Nodes ' list", 
"positive ": boolean // true for positive evidence (indicates mastery), false for negative evidence (indicates lack of mastery) 

} 
// Multiple mappings are possible , but should be used cautiously. 

] 
} 

] 
} 
``` 

H.4 Node Diagnosis 
You are given an open -ended math assessment that includes multiple questions and interactions. Students can respond using objects (pre -set squares and circles in four 

possible colors), strokes (for drawing or writing), and speech. Through these tasks , we can conduct an in-depth analysis of a student 's ' Mastery Level ' of 
relevant cognitive nodes and the ' Evidence Sufficiency ' (i.e., whether the student 's actions provide enough evidence to support the mastery judgment). 

A student (around first grade) has completed a series of these tasks. 
Analyzing cognition for these open -ended responses requires inferring from behavioral features as evidence and making a judgment by considering the relationships 

between foundational and advanced cognitive nodes. 
Each interaction in the assessment has already undergone a simple , individual analysis: behavioral features were identified and preliminarily mapped as positive or 

negative evidence to related cognitive nodes. However , a comprehensive analysis that synthesizes across multiple questions and interactions to determine the final 
Mastery Level and Evidence Sufficiency has not yet been performed. This is your task. Note: this assessment and scoring is intended for teachers , not students. 
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The current question type is: "%question_type%" 
The cognitive node you need to analyze is: "%cognition_node%" 
Its ' Meaning ' is: %cognition_description% 
All ' Related Behavioral Features ' for this node are (positive indicates mastery , negative indicates lack of mastery): 
%related_behaviors% 
You must judge its mastery level. Your analysis should focus on the meaning of this node and its related behaviors , rather than speculating based on the node 's name. 

For this node , '%cognition_node% ': 
More foundational cognitive nodes are: %basic_cognitions%, 
More advanced cognitive nodes are: %advanced_cognitions%; 
You can use this to understand the developmental relationship and whether this node is foundational or advanced. 
There are also other parallel nodes that have less influence on this one. 

The ' Records of Questions , Responses , and Behavioral Feature Analyses ' for the current assessment are: 
%analysis_records% 

Within this question type , tasks often have varying parameters and increasing difficulty. The student 's chosen method may change; they may not always use the most 
advanced method. You need to analyze this carefully when judging mastery: 

If the student uses a basic method correctly in simple scenarios and an advanced method correctly in complex scenarios , it may simply mean the advanced method was 
unnecessary for the easier tasks. This should have a minor impact on the mastery judgment. 

However , if the reverse is true -the student fails to use an advanced method in complex scenarios or uses methods incorrectly/inconsistently -it suggests a lack of 
proficiency or true understanding , which should have a major impact on the mastery judgment. 

The preliminary analysis provides positive and negative evidence mapped from behavioral features to cognitive nodes. Because nodes are not independent but exist in a 
developmental hierarchy (from foundational to advanced), evidence propagates along this hierarchy. 

Evidence is categorized as direct or indirect based on whether it is propagated from other nodes: 
- Direct Evidence: A behavioral feature from a response that is directly related to this cognitive node. 
- Indirect Evidence: A behavioral feature that maps to a different node , from which an inference is propagated to the current node. This includes negative evidence for 

a foundational node or positive evidence for an advanced node. (If a node is mastered , its foundational nodes are also considered mastered; if a node is not 
mastered , its advanced nodes are also considered not mastered .) 

The current 'Evidence ' is as follows: 
<Evidence List > 
Positive Evidence (Total: %positive_count%): %positive_evidences% 
Negative Evidence (Total: %negative_count%): %negative_evidences% 
</Evidence List > 
You must consider all evidence synthetically and not base your judgment on isolated instances. 
When making a judgment , consider the quantity , sign (positive/negative), and strength of the evidence (i.e., how typical the behavior is and how strongly it relates to 

the node): 
- Strong: 

(Positive) The student 's response is exemplary , the process is demonstrated meticulously , or the verbal and physical expressions are very clear. 
(Negative) A classic misconception is observed , or the student is completely unable to perform the task. 
The behavioral feature is strongly correlated with this cognitive node. 

- Weak: 
(Positive) Uses a similar but non -standard method (so mastery of the standard method is uncertain); the process is not meticulous , or verbal/physical expressions 

are unclear (so it's uncertain if the process and understanding are fully correct). 
(Negative) The error is atypical or appears to be a careless mistake. 
The behavioral feature is weakly correlated with this cognitive node (e.g., not using an advanced method on a simple problem; using a method with a similar but not 

identical underlying principle). 
- **The strength of evidence is not affected by whether it is direct or indirect .** You should treat them equally: 

Evidence pointing to mastery of an advanced node is also evidence for mastery of its foundational nodes. 
Evidence pointing to a lack of mastery of a foundational node is also evidence for a lack of mastery of its advanced nodes. 
The strength depends on how typically the student 's response exhibits the relevant behavioral features. 

When the evidence is too sparse or weak , the evidence sufficiency is low. You can refer to the ' Records of Questions , Responses , and Behavioral Feature Analyses ,' the ' 
Node Meaning ,' and ' Related Behaviors ' to further infer the mastery level. **However , in this case , the Evidence Sufficiency score must be low**. 

In summary , your analysis must consider: 
- The evidence in the Evidence List , including both direct and indirect evidence. You also need to consider the student 's response process to judge how prominently the 

behavior was displayed. 
- **If evidence is sparse , "Evidence Sufficiency must be low ."** You should then use the full interaction records to further infer the mastery level , but in such cases , 

you should avoid giving extremely high or low mastery scores due to the lack of sufficient evidence. 

Finally , based on a synthesis of all direct and indirect evidence , provide a conclusion for the current cognitive node , including ' Mastery Level ' and ' Evidence 
Sufficiency '. 

[Mastery Level] The student 's level of mastery for this node. You need to synthetically consider the quantity , strength , sign , and consistency of the evidence , as well 
as the node 's developmental position (foundational nodes are easier to master; advanced nodes are harder). 

The mastery level is a 5-point scale: 
5: Excellent Mastery. Skillfully and correctly uses methods corresponding to this node with clear and thorough explanations; or skillfully uses more advanced 

methods. 
4: Good Mastery. Generally able to correctly use methods corresponding to this node , but the process may lack clarity or be purely mechanical; may occasionally use 

less efficient methods. 
3: Fair Mastery. Sometimes able to correctly use methods corresponding to this node , but other times uses them incorrectly or inadequately. 
2: Poor Mastery. Only understands the general form or procedure but frequently uses the corresponding methods incorrectly. 
1: Very Poor Mastery. Unable to use methods corresponding to this cognitive node. 
When evidence is very insufficient , the mastery score , while mostly a guess , should generally not be high (implying the student is not comfortable with the skill). 

Your specific inference should still be based on the student 's responses. 
[Evidence Sufficiency] Whether the student 's actions provide sufficient evidence (both direct and indirect) to judge the mastery level. Sufficiency affects the 

certainty/confidence of your judgment. 
You need to synthetically consider the quantity and strength of the evidence. You should treat the strength of direct and indirect evidence equally. The specific 

strength depends on how typically the student 's behavior exhibits the relevant features. 
The evidence sufficiency is a 4-point scale: 
4: Very Sufficient. The evidence is abundant or very strong , providing excellent support for the mastery judgment. 
3: Relatively Sufficient. The evidence is reasonably strong or numerous (e.g., three or more instances , or a very typical behavior), providing good support for the 

mastery judgment. 
2: Relatively Insufficient. The evidence is sparse or weak (e.g., only one instance , or an atypical behavior), not enough to confidently determine the student 's 

mastery level; the diagnosis has high uncertainty. 
1: Very Insufficient. There is no or extremely weak evidence , and the judgment is almost entirely a guess (e.g., the student always used other methods , or the tasks 

did not involve this cognitive node). 
Afterward , you must provide a "Conclusion Explanation" for other math teachers. Please use language that is accessible and easy for other teachers to understand. 

<Judgment Focus > 
Additionally , the ' Judgment Focus ' varies slightly for different types of cognitive nodes: 
For ' Calculation Method ' cognitive nodes: 

Focus on the correctness of the calculation process and the final result. 
If evidence is sparse because the student skillfully used a parallel calculation method , it may indicate a preference for the other method. In this case , the 

evidence sufficiency for this node is low. 
For ' Intuitive Representation of Calculation ' cognitive nodes: 

Focus on whether the student understands the underlying principle and the manner of their representation. Minor quantitative errors in the process or result do not 
significantly impact the mastery judgment for this type of node. 

The student does not need to demonstrate the process completely every time; one reasonably complete demonstration is often sufficient to infer a high mastery level. 
If the student primarily uses other calculation methods , they may lack the opportunity to demonstrate their intuitive understanding of this method , making it 

difficult to judge this node. The evidence sufficiency will be low. 
If the student frequently uses this calculation method but struggles to represent it intuitively , their mastery level for this intuitive node is low. 
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For other types of cognitive nodes , there is no special judgment focus. 
</Judgment Focus > 

When responding , do not directly output the result. Instead , use the following chain -of-thought steps to analyze the mastery of '%cognition_node%'. Please reply in the 
specified JSON format: 

```json 
{ 

"Evidence Analysis ": "Review the ' Evidence List ' , analyze the direct and indirect evidence , and judge the strength of each piece of evidence. Determine if the 
evidence is sufficient to support a judgment of mastery.", 

"Conclusion Analysis ": "Restate the ' Meaning ' of the current cognitive node and any relevant ' Judgment Focus '. Based primarily on the evidence list and secondarily 
on the related behavioral features in the response records , determine the mastery level. Judge the evidence sufficiency based on the quantity and strength of 
the evidence.", 

"Mastery Level": 1|2|3|4|5 , // int , 1-5 scale 
"Evidence Sufficiency": 1|2|3|4 , // int , 1-4 scale; if the ' Evidence List ' is sparse , this level should be low" 
</>"Rationale "</>: "Briefly explain the judgment for the mastery level and evidence sufficiency , referencing the evidence. If mastery is low , analyze the student 's 

specific difficulties. (When explaining , describe the levels with words , not scores. When mentioning an interaction , cite the ' Interaction Record ID' for 
teachers to reference. Use teacher -friendly , accessible language; avoid overly mechanical language or the jargon used in the prompts above.)" 

} 
``` 

H.5 Comprehensive Report 
You are given an open -ended math assessment that includes multiple questions and interactions. Students can respond using objects (pre -set squares and circles in four 

possible colors), strokes (for drawing or writing), and speech. Through these tasks , we can conduct an in-depth analys of student 's cognition and mastery , 
specifically their ' Mastery Level ' and ' Evidence Sufficiency ' (i.e., whether the student 's actions provide enough evidence to support the mastery judgment) for 
various cognitive nodes. 

A student (end of first grade) has completed a series of these tasks. An AI has already performed a multi -level analysis and diagnosis , identifying behavioral features 
as evidence , mapping them to cognitive nodes , and providing ' Mastery Level ' and ' Evidence Sufficiency ' judgments for each node. 

Your task is to synthesize all of the student 's interactions and the diagnoses of all cognitive nodes to generate a comprehensive diagnostic report. The report should 
mainly include: a summary of the student ' s performance , an analysis of their cognitive state , any special observations , and pedagogical suggestions. 

The current question type is: "%question_type%" 

The relevant cognitive graph for the current problem is: 
%cognitive_graph% 
The edges in the graph represent the developmental relationships between cognitive nodes , from foundational to advanced. Generally , mastery of a foundational node is a 

prerequisite for mastery of an advanced node. Likewise , positive evidence for an advanced node also serves as positive evidence for its foundational nodes; 
conversely , negative evidence for a foundational node also serves as negative evidence for its advanced nodes. 

The ' Records of Interactions and Behavioral Features ' for the current assessment are: 
%analysis_records% 

The student 's ' Cognitive Node Diagnosis ' is as follows: 
%cog_diagnosis% 
Where: 

Mastery Level is a 5-point scale: 5: Excellent Mastery; 4: Good Mastery; 3: Fair Mastery; 2: Poor Mastery; 1: Very Poor Mastery. 
Evidence Sufficiency is a 4-point scale: 4: Very Sufficient; 3: Relatively Sufficient; 2: Relatively Insufficient; 1: Very Insufficient. 
When evidence is insufficient , the mastery level is largely an inference and has high uncertainty; further assessment is needed for an accurate judgment. 

The diagnostic report you generate should be as concise as possible , focusing on the information most valuable to teachers. Teachers have large classes and limited time 
to focus on each student. 

If the student performs well , be brief. If the student struggles , do not try to find irrelevant strengths for awkward praise. The report is for teachers , who need to 
understand the actual problems and receive practical advice , not empty compliments. 

Some standard , high -quality performances (like using sticks in bundles or an abacus) may be the result of specific training from the teacher. Do not over -praise these 
common behaviors as if they were creatively invented by the student. 

Summary of Performance: 
Based on the ' Records of Interactions and Behavioral Features ,' concisely summarize their performance. 
Do not list every single interaction; instead , extract and generalize typical and important behaviors. 

Cognitive Diagnosis: 
Based on the ' Cognitive Node Diagnosis ,' the ' Cognitive Graph ,' and typical behaviors , concisely analyze their cognitive state. 
Do not list the mastery status of every single node. Instead , focus on the nodes where mastery is weak. Use the structure of the cognitive graph and its 

developmental relationships to analyze the reasons and struggles for these weaknesses. 
Low mastery does not always mean a lack of understanding; it could be due to limitations in expression. Frame weaknesses as potential gaps in instruction or 

familiarity with the task format , rather than definitively stating the student 'does not understand ' or ' has not mastered ' the concept. 
When describing a node 's status , use fluid language instead of restating the numerical scores for mastery level and evidence sufficiency. 
If the student performed poorly , do not offer awkward or forced praise. 

Furthermore , you can touch upon higher -order competencies like ' number sense ,' ' symbolic awareness ,' ' abstract thinking ,' and ' mathematical intuition.' However , do 
not force these connections; they must be genuinely linked to the student 's actual performance. If these competencies are not demonstrated , do not mention 
them. 

Special Observations: 
This section is for noting any performance that is beyond their current grade level , is anomalous , requires special attention , is difficult to understand , or 

relates to metacognition. If there are none , do not write anything. 
You can also mention personality traits if they are particularly relevant , but do not force it. 
Do not assume a method was invented by the student , as you don 't know if they have received similar training. 
If there is nothing particularly special to report , output an empty string to save the teacher 's time. 

Pedagogical Suggestions: 
Based on the cognitive diagnosis , provide concrete , actionable suggestions for the teacher that target the student 's areas of weakness. 
Be as concise as possible. These are suggestions , not directives , as the teacher is the educational expert. 
Do not suggest learning ahead. If the student has mastered all current topics well , you can suggest activities for broader development or encourage free exploration 

. (You do not know the teacher 's current instructional progress). 

When responding , use the following chain -of-thought steps. No reasoning is required in the output. Please reply in the specified JSON format: 
```json 
{ 

"Report Logic": "First , state the logic of this diagnostic report and how you will organize it, including any unique characteristics of this student. Decide if the 
' Special Observations ' section is needed; if there 's nothing special , omit it to save the teacher 's time.", 

"Response Overview": "Based on the ' Records of Interactions and Behavioral Features ,' concisely summarize their performance .", 
"Cognitive Analysis": "Based on the ' Cognitive Node Diagnosis ,' the ' Cognitive Graph ,' and typical behaviors , concisely analyze their cognitive state. You may even 

mention relevant core competencies .", 
"Noteworthy Observations": "Be as concise as possible. If there is nothing particularly noteworthy , output an empty string to save the teacher 's time. (Note: some 

standard , excellent performances might just be what was taught in class , not necessarily a sign of the child 's brilliance; a method was likely taught , not 
invented).", 

"Pedagogical Suggestions": "Based on the cognitive diagnosis , provide concrete , actionable suggestions for the teacher that target the student 's areas of weakness ." 
} 
``` 
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