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PAPER

A Mobile System for Formative Assessment 
and Teacher-Reviewed Feedback

ABSTRACT
Open-ended short responses can reveal more about student understanding than selected- 
response items yet scoring them during live instruction is rarely feasible. This paper pres-
ents a bring-your-own-device (BYOD) mobile classroom system that combines rubric-guided 
large language model (LLM) scoring of short open-ended answers, real-time teacher ana-
lytics through a classroom dashboard, and evidence-based post-quiz feedback generation. 
The system includes a teacher-reviewed workflow in which instructors can inspect model 
outputs and, when needed, adjust scores or feedback during formative classroom use.  
In the reported evaluation, however, teacher override was not applied or analyzed; the 
agreement metrics compare the system’s initial rubric-guided outputs with expert ref-
erence scores. The system was evaluated in three classroom groups (N = 60 students; 
480 question-level scoring cases). Three expert raters participated, each assigned to one 
classroom group, so each response received one expert reference score. In this test, sys-
tem scores showed strong but not complete agreement with expert reference scores 
(QWK = 0.887; MAE = 0.089; RMSE = 0.121). Mastery-label accuracy reached 78.3%. Expert 
raters gave positive scores to the generated feedback reports for groundedness (M = 4.78), 
specificity (M = 4.37), and actionability (M = 4.57) on a 1–5 scale. Within the limits of 
this small-scale classroom evaluation, the findings suggest that rubric-guided LLM scoring 
may support formative assessment in mobile classrooms, provided teacher oversight is 
maintained for borderline cases.

KEYWORDS
mobile classroom, formative assessment, open-ended responses, rubric-guided scoring, 
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1	 INTRODUCTION

Mobile learning can support flexible classroom access when its use rests on ped-
agogically informed design [1]. Recent bibliometric evidence also shows that mobile 
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learning in higher education is increasingly associated with flexible access, interac-
tivity, student engagement, and continuing challenges around infrastructure, digital 
literacy, content quality, and privacy [2]. In these environments, formative assess-
ments can draw on mobile applications, interactive tasks, learning analytics, and 
timely feedback to support student achievement [3], though successful implemen-
tation depends on teachers’ ability to align digital tools with pedagogical practice 
and interpret learning evidence [4]. AI-supported models extend this further, linking 
feedback and adaptive support within platform-based workflows [5]. Open-ended 
responses offer richer evidence of understanding than selected-response items 
but evaluating them at scale during live instruction remains a persistent practical 
challenge-especially in bring-your-own-device (BYOD) classrooms, where submis-
sions arrive from students’ own devices and rubric-based scoring must keep pace 
with instruction.

Recent work suggests that large language models (LLMs) hold genuine prom-
ise for rubric-based automatic scoring of written responses [6]. LLM-based short- 
answer grading can reduce teacher workload, but human oversight remains neces-
sary, as model judgments may diverge from human assessments in uncertain cases [7].  
Recent university-level evidence similarly cautions that GenAI scoring should not 
be treated as interchangeable with human judgement in high-stakes assessment, 
particularly where validity, reliability, fairness, and score interpretation are cen-
tral concerns [8]. Adaptive approaches emphasize scoring frameworks that connect 
model decisions explicitly to rubric criteria or key points [9]. Comparative evidence 
indicates that GPT-based scoring is competitive but does not consistently outper-
form traditional automatic short-answer grading (ASAG) models across tasks and 
languages [10], and fairness across student groups remains an active concern [11]. 
These issues argue against fully autonomous grading, particularly when scores carry 
instructional consequences.

Human–AI grading research suggests that machine-generated signals can assist 
human graders, though teachers still need question context before relying on 
model outputs [12]. A teacher-in-the-loop design addresses this by keeping the edu-
cator in a position of oversight and final authority [13]. Human-centred learning 
analytics research similarly calls for human control, transparency, and stakeholder 
involvement in educational AI systems [14]. Rather than treating model outputs 
as final autonomous grades, such systems surface results through a teacher- 
facing interface so that educators can inspect scores, evidence, and feedback 
during formative use. Teacher-facing dashboards can help instructors translate 
classroom data into actionable instructional decisions [15], and recent dashboard 
research highlights the importance of explainability, privacy, and real-classroom 
deployment [16].

The study describes a two-mode mobile classroom system. Mode A supports 
in-class rubric-guided scoring and streams analytics to a teacher dashboard; 
Mode B generates evidence-grounded post-quiz feedback from structured rubric 
traces. Three research questions guide the evaluation:

•	 RQ1: How similar are the system’s question-level scores to expert human ratings?
•	 RQ2: How accurately does the system assign mastery labels compared with 

human rubric-based labels?
•	 RQ3: How do expert raters evaluate the generated feedback for groundedness, 

specificity, and actionability?
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This paper makes two related contributions. First, it proposes a transferable 
design model for mobile formative assessment that combines BYOD short-answer 
submission, rubric-guided LLM scoring, teacher-facing analytics, evidence-grounded 
feedback, and teacher review as a safeguard. This model is intended for classroom 
settings in which AI-generated scores and feedback are made visible to teachers 
for interpretation rather than treated as final autonomous judgments. Second, the 
paper reports a small-scale classroom evaluation of the system’s initial AI-generated 
outputs, including rubric-guided scoring agreement, mastery-label assignment, and 
expert-rated feedback quality. A methodological contribution is the explicit separa-
tion between system capability and evaluated evidence: teacher review and score 
adjustment is supported by the design, but teacher override was not applied or ana-
lyzed in the reported evaluation. The results should therefore be interpreted as 
agreement between initial system outputs and expert reference scores, not as evi-
dence of teacher-corrected scoring performance. This framing aligns with recent 
work on LLM-generated feedback and explainable AI in education [17], [18].

2	 SYSTEM DESIGN

2.1	 System overview

The system operates in two modes that share a rubric-based scoring backbone. 
Figure 1 presents the overall two-mode classroom assessment workflow. A quiz 
begins when the teacher creates open-ended questions, reference answers, and 
weighted rubric criteria. In Mode A, students submit short answers through a BYOD 
mobile client. Each response is evaluated against the teacher-authored rubric, and 
the resulting criterion-level outcomes, score percentages, and evidence excerpts 
are displayed on a teacher-facing dashboard [15]. This interface allows teachers to 
inspect the basis of the model output and, when needed in formative classroom use, 
adjust scores or feedback. In the present study, this adjustment function is described 
as part of the system design; it was not used in the reported agreement analysis. In 
Mode B, saved rubric traces are used to generate individualized post-quiz feedback 
reports that remain linked to the student’s submitted evidence and rubric outcomes, 
following evidence-based feedback research emphasizing connection between task 
evidence and learning criteria [17].

Fig. 1. Overview of the two-mode classroom assessment workflow

2.2	 Mobile student client and teacher dashboard

Students use the web app on their own devices. Teachers monitor the session 
on a dashboard. Figure 2 shows the dashboard with student progress, completion 
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status, response time, and final scores. The dashboard also supports real-time score 
distributions, criterion-level breakdowns, participant progress, and frequent error 
tags per question. These views are intended to help teachers identify common 
misconceptions, notice borderline cases, and decide which responses need closer 
review during or after the quiz—consistent with work on teacher-facing learning 
analytics [15], [16].

Fig. 2. Teacher dashboard interface

2.3	 Rubric-guided prompting and structured outputs

Each scoring prompt combines four elements: the question text, the student’s 
exact submission, a teacher-authored reference answer (used for factual ground-
ing, not semantic matching), and the explicit rubric with criteria and point weights. 
Rather than measuring similarity to an expected response, the LLM evaluates the 
student’s answer directly against the rubric criteria. The model returns a structured 
JSON object containing criterion outcomes, awarded percentages, and brief evi-
dence excerpts from the student’s response [9]. Figure 3 shows the teacher quiz 
creation interface used to define the question, reference answer, and weighted 
evaluation criteria. Figure 4 illustrates the structured JSON output produced by the 
scoring stage.
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Fig. 3. Teacher quiz creation interface

Fig. 4. Example of structured output (JSON)
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2.4	 Evidence-grounded feedback generation

The feedback generation stage converts rubric scoring traces into a diagnostic 
report without drawing on information outside the evidence pack, limiting gen-
erated statements to what the assessment record supports. Each report provides a 
topic-level summary of strengths and gaps, a mastery label, and per-question guid-
ance aligned with the rubric. Figure 5 illustrates the system interfaces used around 
feedback delivery, including the session lobby, student answer submission, prog-
ress summary, and AI feedback panel. This constrained design reflects the need for 
evidence-based feedback and explainable educational AI outputs [17], [18]. Teachers 
can review the rubric trace and draft reports, use them to guide direct conversations 
with students, and revise outputs when needed in formative practice. This review 
function is intended as a safeguard against unsupported or insufficiently specific 
feedback, although the present evaluation assessed the generated reports before any 
teacher revision.

Fig. 5. System interfaces used around assessment and feedback delivery: (a) session lobby with join QR code 
and participant list, (b) student answer submission screen, (c) student progress and score summary,  

and (d) AI feedback panel

3	 METHODOLOGY

3.1	 Study context

The study took place during an ICT class at school. The quiz topic was “AI in 
Education: Uses, Limits, Ethics, and Safety.” The classroom followed a BYOD model, 
and students used their own mobile devices to access the system and submit short 
open-ended responses.

3.2	 Participants and dataset

Three classroom groups took part in the evaluation (N = 60). All groups completed 
the same quiz with eight open-ended questions. Each question had a teacher-written 
reference answer and a weighted rubric with several criteria. The dataset included 
480 question-level scoring cases (60 students × 8 questions).
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3.3	 Rubric-guided scoring process

For each submission, the LLM received the question, the student’s answer, the 
teacher’s reference answer, and the weighted rubric criteria. The model returned to 
JSON with results for each criterion, percentages, and evidence excerpts. Each ques-
tion received a final score in percentage form. Then the system assigned a mastery 
label. If a score was 85–100%, it was marked as Mastered. Scores of 60–84% were 
marked as Partial, and 0–59% as Not Yet.

3.4	 Human scoring

Three expert raters participated in the human evaluation. Each was assigned to one 
classroom group and scored the responses of students in that group using the same 
teacher-authored rubric and weighting scheme as the system. Consequently, each 
response received one expert reference score rather than independent ratings from 
multiple raters. Across all three groups, expert raters provided reference scores for all 
480 question-level cases. Mastery labels were derived from expert scores using the same 
fixed thresholds applied to system scores. Because the raters did not score a shared set 
of responses, the study did not estimate inter-rater reliability across common responses.

3.5	 Teacher review and override in the evaluation

The implemented system includes a teacher-review function that allows instruc-
tors to inspect AI-generated scores, criterion-level evidence, and feedback, and 
to adjust outputs when needed during formative classroom use. In the reported 
classroom evaluation, this function was available as a design feature, but teacher 
overrides were not applied to the dataset and were not analyzed as a separate exper-
imental condition. Therefore, all reported agreement metrics compare the system’s 
initial rubric-guided outputs with expert reference scores.

3.6	 Metrics

Agreement between system and expert scores at the question level was assessed 
using five metrics: Quadratic Weighted Kappa (QWK), Mean Absolute Error (MAE), 
Root Mean Square Error (RMSE), Mean Bias, and the share of cases within ±0.10 of 
the expert score. QWK measures agreement while accounting for the ordered nature 
of rubric-based scores; MAE and RMSE show average score differences; Mean Bias 
indicates directional tendencies. Mastery-label agreement was assessed using over-
all accuracy and a confusion matrix.

3.7	 Feedback quality evaluation

Feedback reports for all 60 students were submitted for expert review, with each 
rater evaluating the reports for their assigned classroom group. Reports were rated 
on three dimensions using a 1–5 scale: groundedness (whether feedback was sup-
ported by the student’s submission and rubric trace), specificity (whether feedback 
identified concrete strengths, gaps, or criteria rather than general comments), and 
actionability (whether feedback provided guidance a student could act on).

https://online-journals.org/index.php/i-jim


	 44	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 15 (2026)

Yerniyazov et al.

3.8	 AI tool disclosure

The system uses the open-weights Llama-3.3-70b-versatile model for both rubric-
guided scoring and evidence-based feedback generation. It uses a zero-shot prompt-
ing strategy that produces structured JSON outputs and grounds the evaluation in 
teacher-authored rubric criteria without fine-tuning.

3.9	 Ethics and consent

The study was conducted as part of regular classroom instruction. Permission to 
conduct the classroom activity and to use anonymized student responses for research 
and evaluation purposes was obtained from the school administration in accordance 
with the procedures applied by the school and the authors’ institution and, where 
applicable, national requirements for this classroom-based educational activity. 
The dataset used for analysis did not include student names, official grades, contact 
details, school identifiers, or other directly identifying information.

Because the activity was conducted during normal instruction and the analy-
sis used anonymized classroom responses, separate ethics committee review was 
not required under the applicable school and institutional procedures, and no for-
mal waiver document was issued. Students were informed that their anonymized 
responses could be used for research and evaluation purposes. Separate written 
consent or assent was not required under the procedure applied to this anonymized 
classroom evaluation.

4	 RESULTS

4.1	 Rubric scoring agreement (RQ1)

Across the 480 question-level scoring cases, system scores showed encouraging 
but incomplete agreement with expert reference scores within this dataset (refer to 
Table 1). A QWK of 0.887 indicates encouraging agreement for rubric-based percent-
age scores in this evaluation context. The MAE (0.089) and RMSE (0.121) indicate 
relatively small average differences between system and expert reference scores, 
although not all responses were closely matched. The negative mean bias (−0.069) 
shows that the system slightly underscored compared with the expert. Overall, 62.9% 
of scores were within ±0.10 of the expert reference score, while the remaining 37.1% 
differed by more than ±0.10. This indicates that a meaningful subset of responses 
still requires closer instructional review.

Table 1. Question-level scoring agreement (N = 480)

Metric Value

Quadratic Weighted Kappa (QWK) 0.887

Mean Absolute Error (MAE) 0.089

Root Mean Square Error (RMSE) 0.121

Mean Bias −0.069

Proportion within ±0.10 62.9%
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4.2	 Mastery-label classification (RQ2)

Mastery-label accuracy across the 60 students was 78.3%. Table 2 shows the full 
confusion matrix. Most disagreements occurred near category boundaries. Among 
expert-labeled Partial cases, seven were assigned to Not Yet by the system and one 
was assigned to Mastered. In addition, five expert-labeled Mastered cases were 
assigned to Partial. Agreement was strongest for the Not Yet category, where all 
15 expert-labeled cases received the same system label. This pattern suggests that 
rubric-guided LLM scoring was more consistent with expert labels in clear cases and 
less consistent at category boundaries.

Table 2. Confusion matrix: system vs. expert mastery labels (N = 60)

AI: Mastered AI: Partial AI: Not Yet

Human: Mastered 17  5  0

Human: Partial  1 15  7

Human: Not Yet  0  0 15

4.3	 Feedback quality (RQ3)

Expert ratings of the 60 student feedback reports are presented in Table 3. 
Groundedness had the highest mean score (4.78). It was followed by actionability 
(4.57) and specificity (4.37). In this sample, expert raters judged the feedback posi-
tively, especially in relation to its grounding in student responses and rubric traces. 
The somewhat lower rating for specificity suggests that some reports described gaps 
in general terms rather than pointing to particular rubric criteria or student phrasing.

Table 3. Expert evaluation of generated feedback reports (N = 60)

Dimension Mean Rating (1–5)

Groundedness 4.78

Specificity 4.37

Actionability 4.57

5	 DISCUSSION

5.1	 Interpretation of findings

A QWK of 0.887 across 480 question-level cases is encouraging for a zero-shot 
rubric-guided LLM approach applied in a live classroom context. The slight under-
scoring tendency (mean bias = −0.069) is consistent with variation reported in prior 
LLM scoring studies, where performance depends on prompts, rubrics, tasks, and 
grading contexts [6]. Evidence from another short-answer grading context similarly 
shows that LLM-generated scores may diverge from human judgments in some 
cases, reinforcing the need for careful teacher review [7]. In this study, 62.9% of 
system scores were within ±0.10 of the expert reference score, while 37.1% were 
outside that range. This pattern suggests that the system may be useful for acceler-
ating formative scoring, but not for replacing professional judgment in cases where 
student answers are incomplete, ambiguous, or close to rubric boundaries.
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Mastery-label accuracy of 78.3% is meaningfully higher than chance but still 
leaves roughly one in five students assigned a label that differed from the expert 
reference. As the confusion matrix shows, disagreements occurred mainly near 
mastery-label thresholds, especially between Partial and Not Yet, with additional 
Mastered-to-Partial cases and one Partial-to-Mastered case. This suggests that the 
system was more consistent with expert labels in clear-cut cases and less consis-
tent at category thresholds—precisely where teacher review and human–AI grading 
support are most important [12], [13].

Feedback quality ratings were consistently positive. Groundedness scored high-
est (4.78), which may reflect the constrained generation design limiting the model 
to information already in the rubric trace and evidence pack, consistent with the 
emphasis on evidence-based feedback in classroom LLM use [17]. Specificity rated 
somewhat lower (4.37), indicating that feedback occasionally described gaps at a 
general rather than criterion-specific level. These results are promising within this 
sample but should not be taken as evidence that the system avoids unsupported 
claims in other contexts—particularly given that explainability remains an ongoing 
concern in educational AI [18].

5.2	 Classroom use and teacher-reviewed assessment

The system should therefore be understood as a formative decision-support tool 
rather than an autonomous grading system. In classroom practice, the dashboard 
can support teachers in monitoring completion, identifying recurring misconcep-
tions, recognizing borderline mastery cases, and deciding which responses war-
rant closer attention during or after the lesson. Because rubric-based evidence is 
presented alongside scores, the interface is intended to support informed teacher 
review rather than a simple accept-or-reject decision. This design is consistent with 
legal and human-centered arguments for meaningful teacher involvement in auto-
matic assessment systems [13], [14].

The teacher-reviewed workflow should therefore be understood as a design safe-
guard rather than as an empirically evaluated intervention in this study. Teacher 
overrides were not applied to the analyzed scores. Therefore, the reported QWK, 
MAE, RMSE, bias, and mastery-label accuracy reflect the system’s initial rubric-
guided outputs rather than teacher-corrected results. This distinction is central to 
the interpretation of the findings. The present study examines the extent to which 
the system’s initial AI-generated outputs corresponded with expert reference scores. 
However, the study does not assess whether teacher review leads to improvements in 
scoring accuracy, feedback quality, student learning, or classroom decision-making. 
Future work should examine how teachers use the dashboard in classroom practice, 
which AI-generated outputs they choose to adjust, and how these adjustments affect 
the feedback presented to students and the planning of subsequent instruction.

5.3	 Transferability, risks, and scaling considerations

The transferable contribution of the study lies in the design model rather than in 
the specific performance level observed in one classroom dataset. The system brings 
together BYOD-based mobile submission, rubric-guided LLM scoring, teacher-facing ana-
lytics, evidence-grounded feedback, and teacher review as a safeguard. Together, these 
components respond to practical needs found in a range of educational settings. Prior 
research on mobile learning supports the use of device-based access when it is guided 
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by clear pedagogical design [1]. Studies of formative assessment in mobile environ-
ments also emphasize the importance of interactive tasks, timely feedback, and learning 
analytics [3]. In addition, research on teachers’ technology use suggests that successful 
implementation depends on the alignment between digital tools, pedagogical goals, and 
data literacy [4]. In the Kazakhstani context, work on AI-driven technology integration in 
STEM education further points to the value of practical, technology-supported learning 
designs for student engagement and conceptual understanding [19]. A study on intel-
ligent mobile systems for student performance evaluation further highlights the role 
of data-driven assessment, automated learner-performance analysis, and mobile inter-
faces in supporting academic decision-making [20]. Teacher-facing dashboard research 
also supports the use of analytics to make classroom data more actionable [15], [16].

At the same time, rubric-based automation introduces practical risks. One practi-
cal risk is that teachers may place too much confidence in numeric dashboard scores 
when these scores appear more precise than the underlying evidence allows. This is 
especially important for borderline responses or for answers that reveal aspects of 
understanding not fully captured by the rubric. Fixed mastery thresholds may also 
introduce threshold effects, because even small score differences can shift a student 
from one category to another. For this reason, rubric quality is central to the usefulness 
of the approach. If criteria are unclear, unevenly weighted, or fail to address common 
misconceptions, the system may produce scores and feedback that appear reasonable 
but remain incomplete. Although evidence-grounded feedback can reduce unsup-
ported comments, teacher review is still needed to judge whether the feedback is spe-
cific, instructionally appropriate, and consistent with the student’s actual response.

Scaling this approach would also require careful attention to teacher workload, 
teacher preparation, model consistency, privacy, infrastructure, and validation 
across different subjects and languages. Work on interactive mobile case technol-
ogies in informatics teacher training suggests that technology-supported learning 
activities can strengthen communication, creativity, and problem-solving compe-
tencies among future computer science teachers [21]. While dashboards can make 
it easier to inspect large sets of responses, they may also introduce new review 
demands, particularly when many cases are flagged for attention or when teach-
ers need to revise vague feedback. Model behavior may vary across topics, prompt 
formats, languages, and student writing styles, so local validation remains neces-
sary before broader deployment. Privacy and infrastructure are also important in 
BYOD classrooms, where student devices, network reliability, and institutional data- 
protection requirements can affect implementation. For these reasons, the present 
results should be interpreted as evidence from a small-scale classroom evaluation of 
one design model, not as proof of general performance across educational contexts.

5.4	 Limitations

This study has several limitations. It included three classroom groups from 
one institution and covered one quiz topic, so the findings should be interpreted 
cautiously. Three expert raters participated, but each rater scored only one group; 
consequently, each response had one expert reference score rather than multi-
ple independent ratings. Future studies should include a shared set of responses 
scored by multiple experts to estimate inter-rater consistency. The study also used 
one model setup, Llama-3.3-70b-versatile with zero-shot prompting, so results may 
differ with other models, prompts, rubrics, subjects, or languages. Feedback quality 
was evaluated for one quiz topic, and the constrained generation approach reduces 
but does not eliminate the risk of unsupported or insufficiently specific statements. 
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Future work should include larger and more diverse samples, multi-subject and 
multi-institution validation, analysis of teacher review behavior, and assessment of 
student learning outcomes following feedback delivery.

6	 CONCLUSION

This paper presented a BYOD mobile classroom system and design model that inte-
grates rubric-guided LLM scoring, teacher-facing learning analytics, evidence-grounded 
feedback, and teacher review as a safeguard for formative assessment. The system 
was evaluated in three classroom groups (N = 60 students; 480 question-level scoring 
cases). Its initial rubric-guided outputs showed encouraging but incomplete agreement 
with expert reference scores within this dataset (QWK = 0.887; MAE = 0.089), while 
mastery-label accuracy reached 78.3%. Generated feedback reports also received pos-
itive expert ratings for groundedness, specificity, and actionability.

The contribution of the study is therefore twofold: it presents a transferable mobile 
formative assessment workflow linking BYOD submissions, rubric traces, dashboard 
analytics, and evidence-based feedback; and it reports a small-scale classroom evalu-
ation of the system’s initial AI-generated outputs. Although the system design supports 
teacher override, this function was not applied or analyzed in the reported evaluation. 
The findings suggest that rubric-guided LLM scoring may support formative class-
room assessment when used under teacher oversight; however, they do not provide a 
basis for fully autonomous grading. Broader claims would require further validation 
across subjects, languages, institutions, student groups, and teacher-review practices.
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