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ABSTRACT 
Learner disengagement has been widely studied and modeled in 
math learning environments to enable timely supports and promote 
engagement. Recent advances in multimodal large language mod-
els (MLLMs) offer new opportunities for building such detectors. 
This study investigates the potential of an MLLM-based approach 
to detect disengagement from the task goal (DTG) in screen-record-
ing videos of students solving math problems in CueThink. DTG is 
operationalized as actions unrelated to the intended learning task. 
We develop and validate a DTG detector using LLaVA-Video-7B-
Qwen2(Large Language and Vision Assistant) using various 
prompting strategies, and analyze themes across the few model er-
rors. We also examine associations between DTG behavior and 
learning gains, as well as students’ math beliefs, anxiety, and met-
acognition. Results indicate that the model, using role assignment 
and chain-of-thought prompting, identifies DTG behavior with 
good performance (κ = 0.71, precision = 77.6%, recall = 76.4%). 
Performance limitations that emerged related to low-fidelity data, 
limited contextual knowledge, and following instructions. DTG be-
havior was marginally negatively correlated with normalized 
learning gains later in the academic year (winter to spring), but not 
during the earlier fall-to-winter period. There were no significant 
correlations to beliefs or anxiety. 
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ing, detector, video-analysis. 

1. INTRODUCTION 
The field of Educational Data Mining (EDM) has long-standing in-
terest in various types of disengagement within and across learning 
platforms [34, 21]. Student disengagement is a multifaceted meta-
construct [43] that includes behavioral (e.g. gaming the system), 
emotional (e.g. boredom), and cognitive components (e.g. mind 
wandering) [19]. Identifying and understanding student disengage-
ment is important to efforts to reduce it [1], as engagement is a 
necessary condition for learning and a key indicator of long-term 

achievement and academic success [36, 39]. Students can only ben-
efit from the virtual learning environments if they are engaged with 
the system [10]. Engagement also plays a role in students' academic 
resilience and the development of resources for coping adaptively 
with stressors, which in turn may affect the development of long-
term academic mindsets [37].  

Within online learning contexts, disengagement has been modeled 
using various Machine Learning (ML) models. Specific examples 
of disengaged behavior include DTG (Disengaged from Task-
Goal) [22], gaming the system [5], off-task behavior [4], and mind 
wandering [32]. There has been increased interest in identifying the 
various ways students can deviate from expected patterns while us-
ing educational software, including not using features of the 
platform and failure to engage with content [21]. Detection of these 
behaviors has helped researchers better understand them, allowing 
researchers and teachers to develop interventions that can remedi-
ate them and reduce their negative impacts on user outcomes [2].  

For this paper, we focus specifically on Disengagement from Task 
Goal (DTG). This behavior has been observed in online learning 
but given a variety of names in the published literature [22, 35, 8, 
42]. Examples include students who, instead of plotting points from 
a mathematical function in a learning platform for high school 
mathematics, plotted a smiley face [42]. In other learning systems, 
learners have avoided diagnosing virtual patients and instead 
placed virtual unrelated objects on them [35], tinkered with science 
simulations in ways unrelated to the stated learning goals [8], or 
otherwise engaged in actions that appear to have no relationship to 
the intended learning task [42]. To date, the majority of studies of 
DTG have been in science learning environments [22, 35, 42], with 
very limited work in math contexts. 

In the context of math problem solving, DTG may take several 
forms, including using math tools and text to draw silly drawings, 
making smiley faces when plotting points, creating repetitive de-
signs and patterns, typing curse words instead of answers, or 
writing funny terms for friends. It is worth noting that DTG differs 
from off-task behavior as that is typically understood: off-task be-
havior typically involves disengaging completely from the learning 
task, whereas in DTG, the student is engaging with the task, but in 
a fashion unrelated to the learning task's design goals or incentive 
structure. 

Disengagement detectors have often been built using classical ma-
chine learning (ML). However, ML-based models are time and 
resource-intensive, requiring extensive feature engineering and la-
beled datasets. With the advancements in generative AI and large 
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language and multimodal models, new opportunities have emerged 
for building detectors. Large language models like ChatGPT have 
shown potential in facilitating education research through support-
ing qualitative data analysis tasks such as coding transcripts and 
analyzing open-ended responses [45, 48, 30]. Recent advances in 
multimodal large language models (MLLMs) have extended these 
capabilities to process both visual and textual information [47]. 
MLLMs have demonstrated promising results in tasks such as im-
age captioning, video understanding, and visual question answering 
[44, 48].  

One potential application of MLLMs in educational research is fa-
cilitating qualitative video analysis, which has yielded important 
results about students’ learning processes, but previously required 
time-intensive coding of behavioral patterns and interactions [16, 
33]. Emerging educational research has explored Machine Learn-
ing classification to detect teaching and learning moves [18], but 
these efforts also relied on manually coded data for training. Early 
work with MLLMs in online learning has been promising [51], 
demonstrating their potential for streamlining this process by sup-
porting video selection and behavior coding—tasks that 
traditionally require significant manual effort from researchers. To 
date, however, their use for modeling DTG has not yet been stud-
ied. 

Accordingly, the focus of this paper is to build and validate a DTG 
detector based on the multimodal LLM, LLaVA (Large Language 
and Vision Assistant) [27], and to systematically analyze its errors. 
Additionally, we examine how DTG behavior correlates with learn-
ing gains and measures of math beliefs, anxiety, and metacognition 
in math problem-solving—constructs that research has shown are 
increasingly important for math learning [3, 13, 15]. 

2. METHODS 
2.1 Learning Platform and Data Collected 
CueThink (2022) is a digital learning application designed to en-
hance middle-school students’ mathematics problem-solving skills 
by encouraging self-regulated learning (SRL) and supporting stu-
dents in sharing their problem-solving processes. The platform asks 
students both to solve a mathematics problem and to create a share-
able screencast video that presents their solution and demonstrates 
their reasoning. CueThink structures each problem into a Thinklet, 
which consists of four phases—Explore, Plan, Solve, and Re-
view—that closely align with Winne and Hadwin’s [41] SRL 
model. A full description of the CueThink phases is provided in 
Zhang et al. [49]. 

The study included 180 students in Grades 6–8 from suburban 
schools in the Southwestern United States who used CueThink dur-
ing the 2021–2022 school year. Self-reported gender demographics 
were collected (66 boys, 98 girls, 1 non-binary, 3 chose not to re-
port, and 12 had missing values). Across the year, students 
completed 746 Thinklets (4.09 Thinklets per student, on average). 
Pre- and post-test surveys were administered at the beginning and 
end of the school year; the survey scales are described in detail be-
low (section 2.4).  

This study primarily makes use of data from the Solve phase. Dur-
ing this phase, CueThink collects fine-grained interaction log and 
trace data capturing students’ whiteboard actions, including posi-
tion coordinates for each pen stroke (e.g., initiating a path and 
rendering it point-by-point). Students can use a variety of mathe-
matical tools and objects on the whiteboard—such as number lines, 
protractors, tables, highlighters, and text/equation entry (Figure 1). 
These interaction traces can be rendered into a screen-recording 

that visualizes students’ step-by-step work as they solve the prob-
lem. These videos were used both as inputs to the model and to 
establish ground truth labels (see section 2.2).  

All data were collected and analyzed under a protocol approved by 
the University of Pennsylvania Institutional Review Board (IRB 
protocol number 856358). The LLaVA model was run locally on 
our lab server for analysis, so no data was transmitted to any exter-
nal server, minimizing data privacy risks. 

 
Figure 1. Solve Phase in CueThink 

2.2 Operationalizing DTG  
DTG (Disengaged from Task Goal) was operationalized as actions 
that have no relation to the intended learning task. The intended 
learning task here is to use system-internal tools to write and solve 
an equation on the digital whiteboard, and tools included a number 
line, table, protractor, ruler, or mathematical symbols. Each video 
was binary coded for DTG behavior by 2 researchers to establish 
the ground truth. Each researcher watched the full video, which 
showed all the students' actions in chronological order as they 
solved the math problem in the context of the learning environment, 
to then make a decision about whether DTG behavior was ever ob-
served or not. 

The operationalization was developed through an iterative process 
to ensure that the behaviors classified as DTG aligned with previ-
ous conceptualizations [22] and were salient in the dataset. Through 
this process, indicators of engagement (non-DGT behavior) were 
readily agreed upon, including using a number line to add or sub-
tract or organizing given values in the problem statement into a 
table to solve the problem, or any written text or images drawn for 
finding a solution. Meanwhile, several specific criteria for DGT 
were identified, including: (1) text unrelated to given math prob-
lems, (2) usage of given math tools for purposes other than solving 
the math problem, and (3) other task-unrelated actions (silly draw-
ings, smileys).  

Some clarifications were made to the DGT criteria. For example, 
behaviors that might have indicated DTG were ignored if they oc-
curred after the problem was completed. As such, if the video 
included a student who finished solving the problem on the white-
board with a solution before creating an unrelated drawing, the 
video was not labeled as DTG. If the video is blank and no actions 
take place on the whiteboard, it is also not treated as DTG because 
there was no action. 



Using this operationalization, two coders first independently coded 
120 videos from a separate dataset from another year on the same 
learning system to establish interrater reliability (κ = 0.79). Once 
consensus was reached, the coders proceeded to code a total of 746 
videos from 180 students. These coded videos constituted our 
"ground truth" that was used to compare against model labels to 
validate the model's performance. Of these 746 videos, 546 videos 
from 129 students were designated as the development set and used 
for iterative prompt refinement and evaluating strategies, while the 
remaining 200 videos from 51 students (none of whom appeared in 
the development set) served as a held-out test set for evaluating the 
final model's performance and further analysis. 

2.3 LLaVA as a DTG detector 
2.3.1 LLaVA Model Details 
We used LLaVA-Video-7B-Qwen2 [50], a state-of-the-art video 
MLLM was selected because it reflects recent technological ad-
vances in video MLLMs, is open source, and has demonstrated 
suitable performance on video understanding benchmarks [20,50] 
and in educational applications [51]. We used the pre-trained model 
with temperature set to 0 to ensure reproducibility. We did not fine-
tune the model because our aim was to assess the potential of exist-
ing pre-trained models for detecting disengagement behaviors, and 
fine-tuning requires substantial computational resources and large 
annotated datasets. 

2.3.2 Video Analysis and Script Setup 
To process the video data, we selected sampling and segmentation 
settings that balance temporal coverage and processing capacity. 
Each video was first decomposed into individual frames. These 
frames, together with the text prompts—were tokenized as inputs 
to the model. Because the MLLM has a fixed context window that 
limits the total number of tokens it can process at once, analyzing 
longer videos involves a trade-off between the number of tokens 
allocated per frame (increasing visual detail) and the total number 
of frames included (increasing temporal coverage).  

Each video was segmented into 10-second clips and sampled at 
three frames per clip. This conservative choice was derived empir-
ically by testing multiple segmentation lengths (i.e., 10, 5, and 1-
second clips) and sampling values (3 vs. 5 frames per clip), in order 
to capture sufficient student actions and visual context to support 
DTG coding while remaining within token limits. Different seg-
ment lengths and sampling rates showed no meaningful differences 
in output quality, and therefore, we adopted a 10-second segmenta-
tion with three frames per clip (approximately one frame every 3.3 
seconds, or ~0.3 fps) to maintain computational efficiency. All 
clips were then processed through LLaVA using the refined 
prompt. To obtain a single video-level prediction per student, clip-
level predictions were aggregated using an inclusive decision rule, 
such that, if DTG behavior was identified in one or more clips 
within a video, the student was labeled as exhibiting DTG behavior 
for that problem.  

2.3.3 Prompting strategies 
We employed an iterative approach to refine the text prompts given 
to LLaVA using the development set (546 videos), focusing on 
maximizing the accuracy of labeling for DTG behavior. Once 
prompt development was complete, we evaluated the final prompt 
configuration on a held-out test set of 200 videos to assess the mod-
el's performance on unseen data. Given that LLaVA—like other 
generative models—is known to be sensitive to prompt framing and 
task specification [40, 29], we tested several prompting strategies, 
including (1) a baseline prompt, (2) a role-assignment strategy 

(which assigns a specific role or perspective to the model in order 
to facilitate a more contextualized interpretation e.g., Liu et al. 
[29]), (3) a chain-of-thought strategy (which facilitates step-by-step 
reasoning processes), (4) a combination of both approaches. These 
prompting strategies were selected based on prior work showing 
that prompting choice can affect multimodal LLM output. Chain-
of-thought prompting has been shown to improve visual reasoning 
in multimodal LLMs, including LLaVA [48], while role-assign-
ment has produced mixed results across settings [29]. We tested 
both techniques and their combination to identify the configuration 
best suited to DTG behavior labeling for our data. We also tested 
variations by changing key instructional verbs (e.g., "analyze" vs. 
"examine") while maintaining the role assignment component. Ad-
ditionally, we provided contextual knowledge about math problem-
solving in the prompt to help the model identify regular math-solv-
ing actions (task-related actions), such as strikethroughs to numbers 
and text that indicate problem-solving processes. 

Baseline Prompt. The baseline prompt was as follows: 

“Assign a binary code for DTG (disengagement from task goal) 
behavior defined as ‘actions that have no relation to the math prob-
lem.” 

Role assignment and chain-of-thought strategy. The baseline 
combined-approach prompt was as follows: 

 "You are a [role assignment: qualitative coding expert] and your 
task is to [analyze/examine] and assign a binary coding for the con-
struct of DTG (disengagement from task goal), which is defined as 
'actions that have no relation to the math problem'. The videos 
show the whiteboard with student actions. The intended learning 
task for students was to solve math problems using the given tools 
(like a number line, table, protractor, or ruler, and other mathe-
matical symbols). [chain-of-thought reasoning: insert step-by-step 
rules for operationalization criteria]." 

Throughout this iterative process, we maintained concise prompts 
to optimize token allocation, as longer prompts can lead to attention 
dilution [23, 28] and degrade model performance even before 
reaching technical token limits [26]. 

2.3.4 Validation of LLaVA’s DTG labels 
During the prompt-refinement process, prompts given to LLaVA 
used a development set (546 videos), focusing on maximizing the 
performance of the model for correctly labeling DTG behavior. 
Once prompt development was complete, we evaluated the final 
prompt configuration on a held-out test set of 200 videos to assess 
the model's performance on unseen data across three metrics—
kappa, precision, and recall.   

2.3.5 Error Analysis 
After finalizing the prompt, the test dataset was sent to the model 
for binary coding the videos for DTG behavior. For any clips where 
the MLLM label contradicted the human ground-truth label, further 
analyses were conducted. Namely, the 1st and 3rd authors re-
watched the associated videos and analyzed these clips to identify 
potential causes of disagreement and possible instances of model 
hallucinations. We then conducted a thematic analysis [7] to distill 
recurring patterns across these errors, iteratively grouping these ob-
servations into broader categories. 

2.4 External Survey Measures 
Validated external measures were used to assess students’ content 
knowledge [14], math anxiety [9], metacognitive awareness [38], 
and beliefs on problem-solving [25]. Each of these measures was 



used first as a pre-test and then as a post-test. Once the pre-test was 
complete, students were provided with access to the learning plat-
form. Their interaction with the platform was integrated into their 
regular classroom instruction, with their teacher assigning prob-
lems for them to complete.  

Content Knowledge. Partnering districts administered i-Ready di-
agnostic assessments [14] as a proxy for mathematics content 
knowledge. The i-Ready [14] instrument is an adaptive assessment 
tool used to identify math topics students are struggling with; it ex-
amines students’ understanding of mathematical sub-domains, 
including numbers and operations, algebra, geometry, and meas-
urement. This assessment was administered three times, once each 
at the beginning (September), middle (December to January), and 
end (May) of the academic year. 

Normalized learning gains [31] were calculated for those periods 
for the i-Ready tests from Fall to Winter; and Winter to Spring as 
NormLG_F-W and Norm_LG_W-S, respectively:  

NormLG = {(post - pre)/(max - pre) , if post ≥ pre 

           {(post - pre)/pre               , if post < pre 

The normalized gains for two semesters were used for correlation 
analysis, and not the raw i-Ready scores.   

The Junior Metacognitive Awareness Inventory (JrMAI) is a 
measure of metacognitive and cognitive strategies applied by learn-
ers [38] that was developed for students in grades 6 through 12. The 
current study uses a 9-item abbreviated version of the JrMAI that 
was validated with students in grades 6 -8 [24]. The measure in-
cludes 5 items identified as regulation of cognition and 4 items 
identified as knowledge of cognition. 

The modified Abbreviated Math Anxiety Scale (mAMAS; [9]) 
uses a two-factor structure, which results in two subscales learning 
math anxiety (Learning subscale), and math evaluation anxiety 
(Evaluation subscale) [9]. The scale has shown good internal con-
sistency, with an overall Cronbach's α of 0.85, a Cronbach's α of 
0.77 for the Learning subscale and a Cronbach's α of 0.79 for the 
Evaluation subscale [9, 11]. The scale was developed for math 
learners between 8 and 13 years old (i.e., overlapping our research 
sample) and includes a 9-item self-report of math anxiety that are 
averaged to produce one final scale for analysis. The mAMAS was 
slightly modified to change adapted words to American English 
(e.g., “maths” to “math”). 

The Indiana Mathematics Belief Scales (IMBS; [25]) prompts 
students regarding their beliefs about mathematics and mathemati-
cal problem-solving over a 36-item survey. The measure is divided 
into six subscales. In this work, we used 2 of the 6 subscales (1 and 
6). Specifically, we administered shortened versions of three sub-
scales, which measure (a) student beliefs that they can solve time-
consuming math problems (5 items), and (b) student beliefs on use-
ful of math in their real lives, respectively (3 items). The shortened 
versions were validated using middle school students.  

2.4.1 Analysis 
In addition to the analysis of LLaVA’s performance to accurately 
label DTG behaviors, we also examined the association between 
DTG labels and the external measures in this study. For analysis, 
first we aggregated DTG behavior at the student level by averaging 
DTG across each student’s Thinklets. Then, for calculating corre-
lations with survey measures, we used Spearman rank correlation 
because the variables were non-normally distributed. Afterwards, 

we applied Benjamini–Hochberg post-hoc corrections to control 
the false discovery rate for multiple comparisons [6]. 

3. RESULTS 
3.1 Performance across prompts 
Several metrics were used for evaluation including Cohen’s kappa 
(κ), which was calculated for how well specific prompts produced 
outputs in agreement with human labels. Precision indicated the 
proportion of positive predictions that were correct. Recall meas-
ured the proportion of actual positive instances that the model 
successfully identified. 

Table 1 reports the 3 metrics across the baseline prompt and prompt 
variations that introduced role assignment, chain-of-thought–in-
spired prompting, and their combination, evaluated under two 
phrasings (“analyze and assign” vs. “examine and assign”).  

 

Table 1. Kappa (κ), precision, and recall across prompts 

Prompt Strategy Analyze and  
Assign 

Examine and  
Assign 

κ Prec. Recall κ Prec. Recall 
Baseline 0.40 50.4% 59.0% 0.34 48.7% 59.2% 
Role-assignment only  0.68 75.0% 78.3% 0.57 62.7% 75.5% 
CoT only 0.60 66.7% 74.5% 0.53 59.2% 71.0% 
Role-assignment + CoT 0.71 77.6% 76.4% 0.65 71.4% 75.3% 

Across different prompting strategies, the 'role-assignment and 
chain-of-thought (CoT)’ prompt with 'analyze and assign' achieved 
the highest kappa (κ = 0.71) and precision (77.6%), though role-
assignment only had marginally higher recall (78.3% vs. 76.4%). 
This was followed by 'role-assignment only' with 'analyze and as-
sign' (κ = 0.68, precision = 75%, and recall = 78.3%). Overall, 
'analyze and assign' had higher values across all metrics and 
prompting strategies in comparison to 'examine and assign'. The 
baseline prompt, without any context or role, had the lowest scores 
for both 'analyze and assign' (κ = 0.40, precision = 50.4%, recall = 
59%) and 'examine and assign' (κ = 0.34, precision = 48.7%, recall 
= 59.2%). We selected 'role-assignment and CoT' with 'analyze and 
assign' as the final prompting strategy due to higher metrics overall, 
and also balanced precision and recall, This prompt was used by 
the model to code the test set that was used for further analyses. 

3.2 DTG Rates  
The descriptive statistics of Disengaged-from-Task-Goal (DTG) 
behavior coded by the LLaVA model show that, across all 
Thinklets (N = 746), 79 were coded as DTG (10.59%), consistent 
with prior reports of DTG rates (e.g., Gobert et al., 2015; Sabourin 
et al., 2013). At the student level (N = 180), 67 students (37.22%) 
exhibited DTG behavior at least once across Thinklets. For each 
student, the DTG average was computed as the proportion of that 
student’s Thinklets coded as DTG (DTG-coded Thinklets ÷ total 
Thinklets), with a score ranging from 0 (no DTG behavior) to 1 
(DTG behavior on all Thinklets completed by that student). By self-
identified gender, 32 of 66 boys (48.5%) and 33 of 98 girls (33.7%) 
exhibited DTG behavior. One non-binary student showed no DTG; 
among the three students who chose not to report gender, one 
showed DTG. A small number of students had missing gender val-
ues and were excluded from gender-specific percentages. 

3.3 Error Analysis 
The model showed good performance, comparable to or better than 
previous ML-based approaches for DTG behavior [22, 35]. 



However, to understand the few cases where it failed and enable 
future improvements, we conducted an analysis of cases incorrectly 
labeled as DTG behavior by the LLaVA model. We identified dis-
tinctive themes that can be categorized as follows: 

3.3.1 Visual processing difficulties (low-fidelity data) 
The LLaVA model exhibited systematic mislabeling stemming 
from low-fidelity visual interpretation challenges. Small-scale fea-
tures posed particular difficulties: miniature smiley faces were 
incorrectly flagged as DTG when they were constructed from text 
characters like semicolons and parentheses (e.g., ";)" or ":)"), and 
small font sizes substantially increased OCR (optical character 
recognition) error rates. When handwritten objects appeared visu-
ally similar to numeric values, the model struggled to distinguish 
between task-relevant content and off-task elements—a differenti-
ation that proved especially challenging given the handwritten 
nature of student work. 

The model demonstrated poor recognition of cursive script and un-
clear handwriting. Pen scratches used by students to correct or cross 
out content were systematically mislabeled as DTG behaviors, as 
were unclear handwriting, numerical scribbles, and ambiguous 
pen-drawn elements that human annotators identified as legitimate 
task-related work. Additionally, when small objects overlaid back-
ground elements, human raters easily recognized the highlighted 
foreground from its color contrast, but the model often did not, in-
dicating limitations in using color and spatial reasoning for labeling 
by the model. LLaVA connects a vision encoder (e.g., CLIP ViT) 
to a language model via visual instruction tuning [27], and not a 
conventional OCR pipeline, which might explain its sensitivity to 
tiny/cursive text and overlaps. 

3.3.2 Lack of contextual knowledge 
The model demonstrated insufficient understanding of mathemati-
cal tools, their appropriate usage contexts, and math problem-
solving conventions. It mislabeled legitimate mathematical nota-
tion and work-in-progress indicators as DTG. For instance, tally 
marks, which human annotators recognized as counting tools based 
on their implicit contextual knowledge, were incorrectly flagged as 
disengagement. Similarly, incomplete solutions where students had 
drawn circles or shown intermediate steps without final answers 
were coded as DTG, whereas humans interpreted these as unfin-
ished work rather than disengagement.  

The model also struggled with distinguishing purposeful tool use 
from disjointed, unrelated behavior. Cases involving overlays of 
multiple mathematical objects (e.g., protractors, circles of different 
radii, rows of circles, colorful blocks, empty tables) were some-
times coded as ‘not DTG’ by the model when they clearly 
represented disengagement rather than actual problem-solving. 
Similarly, the rapid use of multiple mathematical tools to create un-
related imagery (e.g., multiple consecutive circles and lines 
forming an eye shape) was sometimes also difficult for LLaVA to 
recognize as DTG. Furthermore, the model did not interpret the 
written text correctly in the math problem-solving context. When 
students wrote text clearly unrelated to the problem, human anno-
tators could read and infer the DTG behavior of the content, but 
LLaVA lacked this interpretive capability. 

3.3.3 Instruction-following limitations  
Consistent with previous findings [51], LLaVA model sometimes 
was unable to follow all of the instructions it was given, particularly 
in following conditional rules specified in the prompt. For example, 
it was unsuccessful at following instructions stating that activities 
that occurred after the student had completed the problem should 

not be classified as DTG.. Such errors are instructive about the lim-
itations of LLaVA, which nonetheless achieved an overall model 
performance high enough to justify its use in aggregate correla-
tional analyses. 

3.4 Correlating DTG and Survey Measures  
After applying the Benjamini–Hochberg post-hoc correction [6], 
none of the results of the Spearman correlations between students’ 
disengagement from task goal (DTG) behavior and various out-
come measures. However, marginally significant results (defined 
as p < 2 × adjusted α) were observed for one measure: normalized 
learning gains from winter to spring (ρ = -0.278, p = 0.02, adjusted 
α = 0.013). In other words, students who more frequently engaged 
in DTG behavior demonstrated lower learning gains during this pe-
riod. However, the relationship did not hold for normalized 
learning gains as calculated from fall to winter (ρ = -0.155, p = 
0.118, adjusted α = 0.02), suggesting that the negative effects of 
DTG may become more pronounced in the later part of the aca-
demic year.  

The positive correlation between DTG behavior and post-test 
scores on the Indiana Mathematics Belief Scale (IMBS) subscale 
measuring beliefs about solving time-consuming math problem 
was not significant after post-hoc correction (ρ = 0.157, p = 0.009, 
bh-adjusted α = 0.004), as the p-value was not below the critical 
(adjusted α) value. This correlation was also absent at pre-test (ρ = 
-0.031, p = 0.687, bh-adjusted α = 0.038). No significant correla-
tions were observed for the belief subscale on the usefulness of 
mathematics at either of the tests. 

The negative correlation between DTG behavior and pre-test scores 
on the Math Anxiety Scale learning subscale was not significant 
after the Benjamini–Hochberg post-hoc correction (ρ = -0.146, p = 
0.018, bh-adjusted α = 0.008), as it did not meet the critical value 
criterion. This relationship was not significant at post-test (ρ = -
0.026, p = 0.736, bh-adjusted α = 0.042). The evaluation subscale 
of mathematics anxiety showed no significant correlations at either 
time point, which may reflect the fact that students were engaged 
in regular mathematics instruction rather than high-stakes testing 
contexts. 

No other significant correlations were observed between DTG be-
havior and the metacognitive awareness scale. 

4. DISCUSSION & CONCLUSION 
4.1 Main Findings 
This study demonstrates the potential of using LLaVA (Large Lan-
guage and Vision Assistant), a multimodal large language model 
(MLLM) for automated detection of disengagement from task goal 
(DTG) behavior in screen recordings of virtual educational soft-
ware. The pre-trained LLaVA model achieved acceptable 
performance (κ = 0.71, precision of 77.6%, and recall of 76.4%) in 
detecting DTG behavior during math problem-solving tasks. This 
shows that the model had high agreement with human raters while 
effectively minimizing both false positives and false negatives, and 
maintained balanced performance across the two metrics, suggest-
ing robust and reliable detection capability across different types of 
DTG instances. 

Rates of DTG labels by LLaVA model were consistent with prior 
reports of rates of this behavior across learning platform [22, 35]. 
Different prompting strategies were evaluated to improve the 
model performance, since the models are known to be sensitive to 
prompts. The results showed that framing the task to “analyze and 



assign” and including assigning a role and chain-of-thought reason-
ing produced the highest kappa scores for coding DTG.   

Analyzing the few error cases, the visual processing issues align 
with known weaknesses in vision-language models that rely on vis-
ual instruction tuning rather than dedicated OCR pipelines, 
particularly when processing low-resolution or visually ambiguous 
inputs [27]. Such challenges can be harder in educational settings 
where student-generated content is inherently messy, handwritten, 
and varies in quality. A lack of in-depth contextual knowledge of 
math, specifically understanding the tools and problem-solving 
processes required for particular tasks, represented another cate-
gory with instances of incorrect DTG labels. A similar effect has 
been documented previously by Huang et al. [23], where they show 
that when multimodal LLMs lack sufficient contextual grounding, 
they can move toward speculative interpretation rather than evi-
dence-based analysis. Lastly, the instruction-following limitations, 
including failures to apply conditional logic, are consistent with 
past findings [51], suggesting that sometimes gaps in sequential 
reasoning exist for the model.  

While no correlations were statistically significant after the B&H 
correction, the marginally significant negative correlation between 
DTG behavior and normalized learning gains from winter to spring 
reflects an interesting relationship between DTG behavior and 
learning outcomes that warrants further investigation with larger 
samples. Notably, this association was absent in the fall-to-winter 
period, which may indicate that the cumulative effects of DTG be-
havior can become more harmful as the academic year progresses 
and mathematical content increases in complexity, consistent with 
prior research linking off-task behavior to reduced learning over 
time [12]. 

4.2 Future Work 
This work has demonstrated the ability of MLLMs to considerably 
speed the labeling of DTG behaviors. Future research should inves-
tigate the individual differences and situational factors that lead 
students to engage in DTG behavior. For example, it is possible that 
students who engage in DTG are exhibiting a work avoidance goal 
orientation [17]. If researchers could distinguish between students 
who engage in DTG because they lack the necessary knowledge or 
skills and students who engage in DTG because the task is too easy, 
for example, we might be able to develop stronger scaffolding and 
adaptivity.  

One approach to exploring this would be to examine DTG behavior 
using a broader range of survey metrics, including those that might 
be used for studies of students across learning domains (i.e., to de-
termine if the same kinds of behaviors that emerge in a students’ 
math classes also show up in science). However, additional quali-
tative data might also be informative. For example, now that there 
are functional DTG detectors for CueThink, it would be possible to 
use them to trigger classroom interviews, which allow researchers 
to approach, observe, and interview students at the moment a con-
struct of interest occurs. In the context of DGTs, this could lead to 
a deeper understanding of this behavior and the needs of the stu-
dents who exhibit it.  

In addition to deeper investigations of DTG behaviors, future work 
should also explore ways to improve model performance and to 
validate it across different learning domains and student popula-
tions. These approaches should likely include: 

Improving data size and quality: Researchers should provide high-
fidelity data when using MLLMs for automated coding. Since large 
language models cannot reliably predict uncertainty or provide 

confidence intervals for their labeling [46], they cannot effectively 
mark boundary cases where human judgment would naturally 
acknowledge ambiguity. 

Domain knowledge integration: The model would benefit from a 
lightweight domain ontology for common math tools and their typ-
ical usage patterns (e.g., protractor → angle labels; tally marks → 
counting). Additionally, implementing consistency checks to en-
sure tool presence co-occurs with task-relevant structure (labels, 
measurements, aligned marks), enhancing text understanding for 
semantic relevance to flag unrelated content as DTG, and training 
with negative examples showing decorative or purposeless tool use 
would improve contextual understanding. 

Experimenting with fine-tuning: OCR capabilities can be enhanced 
through fine-tuning via visual instruction tuning specifically for 
handwritten mathematical content [27]. This targeted fine-tuning 
could address the model's current sensitivity to cursive text, small-
scale features, and overlapping elements. However, this would re-
quire a much larger dataset, and is computationally expensive.  

4.3 Conclusion 
This study developed and validated a multimodal large language 
model (MLLM)–based detector for Disengagement from Task 
Goal (DTG) behavior using LLaVA (Large Language and Vision 
Assistant) on screen recordings of middle school students solving 
math problems on the CueThink platform. Among the prompting 
strategies evaluated, the combination of role assignment and chain-
of-thought reasoning with an “analyze and assign” framing 
achieved the highest performance (κ = 0.71, precision = 77.6%, re-
call = 76.4%). These results suggest that an off-the-shelf, pretrained 
MLLM can detect DTG behavior in visual data with acceptable per-
formance, without the extensive feature engineering and large 
annotated datasets traditionally required by classical machine 
learning approaches. 

Analysis of the misclassified instances helped us identify key 
model limitations and inform areas for future improvement. DTG 
was negatively correlated with learning gains from winter to spring, 
with a marginally significant association, suggesting that the nega-
tive effects of DTG may become more apparent later in the 
academic year. 

Overall, the ability to detect DTG in screen recordings of learners’ 
interactions with a math platform opens new possibilities for ana-
lyzing behavior and delivering timely support in digital learning 
environments. This could help ensure that students engage mean-
ingfully with assigned tasks and ultimately achieve better learning 
outcomes. As MLLMs continue to improve, they hold considerable 
potential to make large-scale educational video analysis more reli-
able and scalable. 
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