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ABSTRACT

This study examines the reliability of an image-native multimodal AI system
for automated scoring of handwritten responses to Advanced Placement (AP)
Calculus free-response items without requiring optical character recognition
(OCR) preprocessing. Using inter-rater agreement indices and test–retest
reliability analyses, we found substantial to almost perfect agreement between
artificial intelligence (AI)-generated scores and calibrated human ratings, as
well as almost perfect stability across repeated scoring sessions. These results
suggest that the observed reliability of the AI scoring system warrants
further investigation of validity-related evidence and inferences. As a practical
implication for assessment practice, we propose a human-in-the-loop teacher–AI
collaborative (TAC) framework in which automated scoring operates under
teacher oversight. Taken together, these findings provide initial evidence of
reliability supporting the responsible use of AI-based scoring as a measurement
instrument in high-stakes educational assessment.
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1. INTRODUCTION
A central concern in educational evaluation is whether assessment scores provide a valid and

reliable basis for interpreting student performance [1], [2]. In large-scale assessment contexts, this concern
becomes especially important because score interpretations often inform consequential decisions about student
achievement, placement, and instructional decision making. For this reason, any scoring system—whether
human or automated—must be examined not only as a scoring mechanism, but also as part of a broader
measurement framework. From this perspective, the use of artificial intelligence (AI) in assessment raises
a psychometric question as much as a technological one: whether AI-generated scores demonstrate sufficient
reliability to support defensible interpretations of student performance.

In recent years, standardized testing environments have increasingly transitioned to digital formats. In
2024, the College Board announced an accelerated transition to digital administration of Advanced Placement
(AP) exams, and by the May 2025 administration many AP exams were delivered through either fully digital or
hybrid digital formats [3], [4]. AP Calculus, including both AB and BC, continues to employ a hybrid digital
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administration format in which students view free-response items in Bluebook, handwrite their responses in
paper booklets, and the booklets are subsequently returned for scoring [5], [6]. College Board materials note
that, unlike multiple-choice sections that are computer-scored, free-response sections are scored by AP teachers
and college faculty [7]. This format preserves handwritten mathematical expression within a broader digital
testing environment, but leaves scoring workflows only partially aligned with the digital transition. From this
perspective, image-native automated scoring is relevant not because students should enter mathematical work
digitally, but because it may help to connect digital exam delivery with more scalable scoring of handwritten
responses while preserving human oversight of consequential score interpretations.

Automated scoring systems have a long history of development [8], yet extending these approaches
to mathematics presents distinct challenges. Traditional optical character recognition (OCR)-based pipelines
have struggled to interpret the spatial and symbolic complexities of mathematical notation [9], [10], and the
recognition errors they introduce may produce construct-irrelevant variance that threatens the validity of
score-based inferences [11]. Recent advances in multimodal large language models (LLMs) offer a
potential methodological shift [12], [13]. Models capable of processing both textual and visual inputs can
bypass the OCR preprocessing step [14]. In particular, OpenAI’s o1 reasoning model, with enhanced
mathematical reasoning through extended chain-of-thought processing [15], offers a promising approach for
image-native automated scoring of handwritten mathematical responses.

However, empirical evidence on the reliability of image-native scoring systems for mathematics
assessment remains limited. Although recent studies have explored LLM-based grading of handwritten
mathematics [16]–[18], most still rely on OCR as an intermediate step and have reported limited
grading accuracy for handwritten science, technology, engineering, and mathematics (STEM) responses [19].
As the broader use of LLMs in education expands [20], researchers have also emphasized the importance
of explainable AI (XAI) frameworks to ensure that algorithmic decisions remain transparent and
interpretable [21].

To our knowledge, no previous study has systematically examined whether image-native AI
scoring produces stable scores across repeated evaluations of the same response. This study makes two related
contributions. First, it provides initial empirical evidence for considering image-native AI scoring in
educational assessment and for framing the validity questions that follow from its use. Second, it introduces
a teacher–AI collaborative (TAC) framework in which AI functions as a first-pass scoring instrument while
educators retain authority over final score interpretation. Accordingly, this study examines the reliability of an
image-native automated scoring system based on OpenAI’s o1 multimodal reasoning model for handwritten
AP Calculus free-response items and considers its implications for assessment practice.

– To what extent do AI-generated scores using direct image input demonstrate acceptable inter-rater agreement
with human-assigned scores on AP Calculus AB/BC free-response items? (RQ1)

– To what extent does the image-native AI scoring system demonstrate score stability (test–retest
reliability) across repeated evaluations of the same student response images? (RQ2)

– How does measurement error in AI-generated scores relative to human ratings vary across student proficiency
levels? (RQ3)

The development of automated scoring systems traces back to Page’s Project Essay Grade [8] in
1966, which demonstrated the potential for computer-based evaluation of student writing. Subsequent decades
brought substantial advances, including operational systems such as ETS’s e-rater, which combines
statistical modeling with natural language processing to evaluate essay quality [22]. The criterion online
writing service further extended these capabilities by integrating automated scoring with diagnostic feedback
to support formative assessment [23]. More recent studies have applied deep learning approaches to automated
essay scoring, achieving levels of agreement with human raters in many contexts [24], [25].

However, automated scoring is fundamentally an assessment validity issue rather than merely a
technical problem. Bennett and Bejar [11] emphasized that score agreement alone is insufficient evidence of
validity; the scoring process must represent the intended construct and support valid score interpretations. This
perspective is particularly important for mathematics assessment, where the construct extends beyond final
answers to include reasoning processes, problem-solving strategies, and mathematical communication [26].

As a prerequisite for any validity argument, reliability must first be established in evaluating
automated scoring systems [1]. In educational assessment, reliability is typically examined along two
dimensions. The first, inter-rater reliability, refers to the degree to which different raters—in this context,
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AI and human scorers—produce consistent scores for the same response. It is commonly assessed using
indices such as Cohen’s κ, quadratic weighted κ (QWK), and exact match (EM) rate [24], [25]. According
to the benchmarks proposed by Landis and Koch [27], κ values of .61–.80 indicate substantial agreement,
whereas values above .81 indicate almost perfect agreement. The second dimension, test–retest reliability,
refers to the consistency of scores when the same response is evaluated across repeated scoring trials. This
dimension is particularly important in AI-based scoring because generative models may produce stochastic
outputs. As emphasized in prior research on open-ended mathematics tasks [26], stable scores across repeated
evaluations are essential for defensible score interpretation. Without reliability evidence, subsequent validity
claims lack a sound empirical foundation.

Mathematical responses present distinct challenges compared with essay scoring [28]. Student work
often combines natural language, symbolic notation, diagrams, and graphs in spatially complex arrangements
that resist linear text processing [28]. Surveys of mathematical expression recognition emphasize that effective
systems must address two-dimensional layout, symbol ambiguity, and structural parsing, which are not easily
handled by standard text recognition alone [9].

Benchmark competitions such as competition on recognition of online handwritten mathematical
expressions (CROHME) have repeatedly shown that handwritten mathematical expression recognition
remains challenging despite advances in deep learning [29]. Traditional pipelines that convert images to
symbolic text through OCR before scoring face compounding errors where recognition mistakes propagate into
scoring decisions [10]. From an educational measurement perspective, such OCR-induced errors introduce
construct-irrelevant variance—measurement noise attributable to the recognition process rather than to the
student’s mathematical proficiency—thereby threatening the validity of score-based inferences derived from
automated scoring systems. This limitation has motivated the search for alternative approaches that can
evaluate mathematical work more holistically.

Recent advances in multimodal LLMs have expanded the methodological possibilities for educational
applications [12], [13]. Models such as GPT-4V can process images together with text, making it possible
to analyze handwritten work without first converting it through OCR [14]. OpenAI’s technical report on
GPT-4 describes both the multimodal capabilities and the safety considerations associated with vision-enabled
deployment [30].

The o1 series is particularly relevant in this context because the task involves more than visual
recognition alone. Scoring handwritten mathematics also requires judgments about logical structure, the
sufficiency of the evidence provided, and whether a solution actually satisfies the rubric [15]. Recent
studies have begun to explore LLM-based grading in educational settings. Prior work has examined
handwritten physics and mathematics exams [16], [18], [19], while other studies have investigated written
assignments in other disciplines [17]. Related research on chain-of-thought prompting suggests that explicit
reasoning traces may improve scoring transparency and consistency [31].

The emergence of multimodal and reasoning-oriented models has not eliminated the need for
psychometric scrutiny, but it has made image-native scoring a more plausible object of investigation.
Earlier automated scoring pipelines for handwritten work typically relied on OCR or handcrafted feature
extraction. By contrast, GPT-4 and GPT-4V made it more realistic to investigate whether handwritten
mathematical responses could be scored directly as images [14]. The later introduction of the o1 series further
strengthened this possibility for tasks whose evaluation depends on more than surface-level recognition [15].
That technological shift does not establish validity on its own, but it does make image-native scoring a more
credible object of psychometric investigation.

Rather than positioning AI as a replacement for human judgment, emerging frameworks
emphasize collaborative approaches where AI assists teachers while humans retain oversight authority [20],
[21]. Myint et al. [32] proposed an AI-instructor collaborative grading approach that incorporates instructor-
refined marking schemes and emphasizes explainability and fairness. This perspective also aligns with broader
concerns that trustworthy multimodal AI systems require transparency, fairness, and meaningful human
oversight, particularly in consequential decision contexts [33]. Such collaborative frameworks are
particularly important given ongoing concerns about AI reliability, fairness, and validity in educational
assessment [34], [35]. While AI systems may provide efficiency gains, maintaining teacher involvement
ensures that scoring decisions remain grounded in pedagogical expertise and can be adapted to individual
student circumstances that automated systems might not fully capture.

Image-native automated scoring of handwritten mathematical responses: reliability ... (JiEun Janet Song)
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2. RESEARCH METHOD
2.1. Research design

This study employed a quantitative reliability design to evaluate the performance of an image-native
automated scoring system for handwritten mathematical responses. The design compared AI-generated scores
with official College Board scores across multiple response samples and repeated grading trials. Figure 1
illustrates the overall approach, which combines a public data collection pipeline with a direct image-native
scoring architecture. To establish reliability, we evaluated inter-rater agreement between AI-generated scores
and official College Board scores, as well as test-retest consistency across repeated grading trials.

Data source Sampling AI scoring Reliability analysis

College Board
AP central

(2022–2024)

136 FRQ items
(AB + BC)

3 samples per item
(A, B, C)

408 response
images

OpenAI o1
Image-native

(No OCR)

Blind scoring
× 7 trials

2,856 total
Grading runs

Inter-rater
AI vs. CB official
(EM, κ, QWK, r)

Test-retest
7 trials consistency

(Cronbach’s α)

Note: examinee identity
across items within a year

is unverifiable for each
Sample A, B, or C.

College Board Official Scores (Gold Standard)

Figure 1. Overview of the image-native AI scoring design for 408 responses evaluated across seven trials

2.2. System architecture and experimental setup
Two system components were developed: an interactive user interface for individual grading sessions

and an automated batch grading system for large-scale reliability evaluation.

2.2.1. Automated batch grading system
To conduct the 2,856 grading trials, we implemented an automated batch grading system that operated

independently of a user interface. This system executed blind scoring, meaning that the AI grader had no access
to human-assigned scores during the grading process. The design ensured that scoring decisions were based
solely on rubric criteria, preventing score anchoring or confirmation bias. The system accessed a structured
repository containing: i) student response images organized by examination year, course, and question number,
and ii) official scoring rubrics specifying point allocation criteria for each item. Importantly, the system did not
receive official worked solutions or model answers. Instead, the AI evaluated responses exclusively against the
rubric criteria, mirroring the rubric-based evaluation process used by human AP readers.

For each trial, the system generated a prompt containing the response image and the corresponding
rubric and submitted it to the OpenAI application programming interface (API) using the o1 model (resolving
to the o1-2024-12-17 snapshot). All grading trials were conducted on March 12–13, 2025. The API returned
structured outputs including: i) criterion-level scoring decisions, ii) the total score derived from those decisions,
and iii) explanatory scoring commentary. All outputs were automatically parsed and exported to CSV format
for subsequent statistical analysis. Figure 2 illustrates this blind scoring pipeline used in this study.

2.2.2. Scope of the present study
The present study focuses exclusively on score-based reliability metrics derived from the automated

batch grading outputs. The criterion-level commentary generated by the system provides rich qualitative data
for validity analysis—specifically, whether the AI’s scoring rationales accurately reflect the rubric criteria and
mathematical concepts. However, validity auditing of AI reasoning processes lies beyond the scope of the
present study and remains a next step built on this reliability evidence.
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Model solutions
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Figure 2. Blind automated scoring architecture

2.3. Prompt structure and output enforcement
A key design goal was to maximize scoring transparency and reduce stochastic variability

across repeated grading. The prompt includes: i) the student’s handwritten response and ii) the official rubric
specifying point allocation criteria, followed by iii) a required output structure. This structure forces the model
to report criterion-level decisions (e.g., whether each point is earned) and to compute the final total score from
those decisions. The design was informed by the finding that prompting strategies can elicit more explicit
reasoning behaviors [31], while still constraining outputs to rubric-based justifications suitable for teacher
review.

2.4. Population and sampling
The target population for this study comprises student responses to AP Calculus AB/BC FRQs. The

sample was drawn from publicly available materials provided on the College Board’s AP central exam pages
for AP Calculus AB and AP Calculus BC [36], [37]. These materials include official exam questions, scoring
guidelines, sample responses, and scoring distributions for recent administrations.

2.4.1. Human reference scores
A key methodological consideration in this study is the source of human reference scores used for

AI–human agreement analysis. Rather than relying on researcher-assigned scores, which could introduce
investigator bias, we used the official scores published by the College Board in its annual scoring guidelines
and commentary for each sample response. These scores are assigned by trained AP readers—experienced
educators who undergo standardized calibration procedures to ensure consistent application of scoring rubrics
across large-scale examinations. For each of the 408 sample response images, the AI-generated score was
compared with the corresponding official score published for that item. This approach was adopted for two
reasons. First, official College Board scores provide an externally calibrated reference standard based on the
systematic training of AP readers. Second, using publicly available scoring materials enhances the transparency
and reproducibility of the study while minimizing potential investigator bias that might arise if the responses
were rescored by the researchers.

2.4.2. Sample selection criteria
No exclusion criteria were applied. All publicly available sample responses from the 2022–2024 AP

Calculus AB and BC examinations were included in the study. Because the College Board publishes a fixed set
of three sample responses per item, no additional researcher selection or filtering was required. This complete
inclusion approach was adopted to maximize reproducibility and to avoid researcher-introduced selection bias,
ensuring that the dataset reflects the full range of publicly available materials without subjective screening.

Image-native automated scoring of handwritten mathematical responses: reliability ... (JiEun Janet Song)
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2.4.3. Sampling method
For each FRQ item, the College Board publishes three sample student responses in its annual

scoring commentary, labeled Sample A, Sample B, and Sample C. These samples are selected to
represent high-, medium-, and low-performing responses, respectively, based on the student’s overall
examination performance across FRQ items. Because examinee identities are not disclosed, it cannot be
determined whether samples labeled A, B, or C across different items originate from the same student. Each
published response was therefore treated as an independent observation in this study. We adopted a complete
enumeration approach. For every FRQ item across the 2022–2024 administrations of AP Calculus AB and
BC, all three published sample responses (A, B, and C) were collected. This procedure yielded the full set of
publicly available sample responses without additional researcher selection, thereby ensuring reproducibility.

2.4.4. Sample size
The final dataset included 136 AP Calculus AB/BC FRQ items from the 2022–2024 examinations.

With three sample responses per item (A, B, and C), this yielded 408 handwritten responses (136 × 3). Each
response was scored seven times, resulting in 2,856 AI grading runs (408× 7). Table 1 summarizes the dataset
composition by year, course, and experimental runs.

Table 1. Summary of AP Calculus AB/BC FRQ dataset and experimental runs (2022–2024) [36], [37]
Year Course FRQ items Samples per item Repetitions Total trials
2022 AB 24 3 7 504
2023 AB 24 3 7 504
2024 AB 21 3 7 441
2022 BC 23 3 7 483
2023 BC 22 3 7 462
2024 BC 22 3 7 462
Total – 136 408 – 2,856

2.5. Student proficiency grouping
To evaluate whether grading reliability varies by student proficiency, responses were analyzed using

the College Board’s own sample designations. Published responses are categorized into three performance
tiers—Sample A, Sample B, and Sample C—based on total examination scores, as in Table 2. In this study,
Group A corresponds to Sample A responses, Group B to Sample B responses, and Group C to Sample C
responses.

Table 2. Student performance group definitions based on College Board sample designations and total
examination score (out of 54)

Group Sample designation Score range Description
A Sample A High High-performing students
B Sample B Medium Medium-performing students
C Sample C Low Low-performing students

2.6. Statistical analysis
Inter-rater reliability between AI-generated scores and official College Board scores was evaluated

using four complementary metrics: i) EM rate, representing the proportion of responses receiving identical
scores; ii) adjacent agreement rate, capturing agreement within ±1 point; iii) Cohen’s κ (chance-corrected
agreement); and iv) QWK, which weights disagreements by their magnitude. The selection of these indices
follows the standards for educational and psychological testing, which emphasize reliability evidence as a
prerequisite for valid score interpretations in educational assessment [1]. Test-retest reliability across the seven
repeated trials was assessed using the intraclass correlation coefficient (ICC), with Cronbach’s alpha reported
as a supplementary index of score consistency across trials. Group differences in agreement metrics were
analyzed using one-way analysis of variance (ANOVA) with Tukey’s honestly significant difference (HSD)
post hoc tests, and chi-square tests were used to examine group differences in EM rates.

Agreement analyses were conducted at the sub-item level using the median AI score across seven trials
for each of the 408 responses, while repeated-score consistency analyses used all seven trial-specific scores.
Although AP FRQs vary in total point values, all analyses were performed using the official sub-item score
scales defined in the College Board rubrics. AP Calculus FRQs consist of six questions (maximum of 9 points
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each; total =54) with each question divided into three to four sub-items scored from 0 to 5 points. Reliability
analyses were conducted at the sub-item level because total scores can obscure compensatory scoring errors,
whereas sub-item analysis provides a more precise evaluation of scoring agreement in rubric-based assessment.

3. RESULTS AND DISCUSSION
3.1. Inter-rater reliability: AI–human agreement

Using the median AI score across seven trials for each of the 408 responses, the image-native AI
scoring system demonstrated strong agreement with official human reference scores. As summarized in Table 3,
chance-corrected agreement reached levels conventionally interpreted as substantial to almost perfect according
to the Landis and Koch [27] benchmarks, indicating that AI-generated scores closely approximated expert
human judgment under rubric-based scoring conditions. The confusion matrix in Figure 3, further supports
this pattern, with exact agreement in the majority of responses and nearly all remaining discrepancies limited
to one-point differences.

Table 3. Overall AI–human agreement and repeated-score consistency indices
Statistical metric Value interpretation

EM rate 83% Exact AI-human score agreement in most responses
Adjacent agreement (±1 point) >95% Most discrepancies were minor
Cohen’s Kappa (κ) .77 Substantial chance-corrected agreement
QWK .88 Strong agreement with heavier penalty for large discrepancies
Pearson correlation (r) .88 Strong linear association between scores
Intraclass correlation (ICC(3,1)) .88 High absolute agreement
Cronbach’s alpha (α) .99 Almost perfect consistency across repeated AI grading trials
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Figure 3. Confusion matrix of median AI scores versus official reference scores (0–5 scale). Diagonal cells
represent exact agreement (339/408 = 83%)

3.2. Test-retest reliability: stability across repeated trials
Despite the probabilistic nature of generative language models, repeated scoring trials showed almost

perfect stability, indicating minimal stochastic variability in the AI scoring process. The image-native AI
scoring system therefore demonstrated strong test–retest reliability across repeated evaluations of the same
responses. Table 3 summarizes the high level of agreement and score consistency observed across trials.
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3.3. Performance differences by student proficiency
Although overall agreement and score stability were strong, agreement varied across student

proficiency levels. Agreement metrics were therefore analyzed by proficiency tier. As shown in Figure 4,
AI–human agreement differed systematically by group. Group A (high-performing) demonstrated almost
perfect agreement across indices, whereas Groups B and C showed lower but still substantial agreement.
Agreement declined modestly at lower proficiency levels, consistent with greater scoring ambiguity near
performance thresholds.

A one-way ANOVA on absolute error scores revealed a significant effect of student proficiency group
(F (2, 405) = 17.21, p < .001, η2 = .08). Tukey HSD post-hoc tests indicated that Group A differed
significantly from both Groups B and C (p < .001), whereas Groups B and C did not differ significantly
(p ≈ .99). A chi-square test on EM rates also confirmed significant group differences (χ2(2) = 37.99,
p < .001). These findings suggest that the AI system performs more consistently when student responses
are well-structured and aligned with expected solution approaches. Responses with incomplete reasoning,
unconventional methods, or substantial errors present greater challenges for automated scoring, reflecting the
inherent difficulty of interpreting ambiguous mathematical work [9], [29].
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Figure 4. AI–human scoring agreement by student proficiency group

3.4. Qualitative error analysis
To identify the sources of AI–human scoring discrepancies, we conducted a qualitative analysis of

responses where AI scores diverged from official College Board scores. This analysis focused on Group B
(medium-performing) and Group C (low-performing) responses, where disagreement rates were highest. Two
recurring error patterns emerged as the primary sources of these scoring discrepancies.

3.4.1. Outlier identification
Across all 2,856 grading trials, five cases showed large discrepancies (3–4 points) between AI and

human scores in at least one trial. One of these—a Group B response that matched the official score in six
of seven trials—represented an isolated stochastic deviation rather than a systematic scoring error and was
excluded from further qualitative analysis. The remaining four cases involved three distinct items, as one item
appeared in both the AB and BC examinations. All four occurred in low-performing responses (Group C) that
received a human-assigned score of 0 but were awarded points by the AI system in multiple trials.

As shown in Table 4, Cases 1 and 2 involved the same item (2022 AP Question 1-d), which appeared
in both the AB and BC examinations. Case 1 showed persistent over-scoring, with the AI awarding 4 points
in 6 of 7 trials despite the official score of 0. Case 2 displayed an alternating pattern (0, 4, 0, 4, 0, 4, 0),
suggesting ambiguity in the AI’s interpretation. Cases 3 and 4 showed intermittent large deviations, with the
AI occasionally awarding 2–3 points.

3.4.2. Pattern 1: informal cancellation marks (scribble-outs)
In Case 3 (2023 BC Question 6-c), the student’s response contained extraneous markings, including

scratch work that the student attempted to cancel using rough strikethroughs and zigzag cross-outs rather than
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clean erasure. Human AP readers recognized these markings as cancellation indicators and excluded them
from evaluation, scoring only the intended final answer as a 0. In contrast, the AI system interpreted these
cross-out marks as valid mathematical content, occasionally assigning inflated scores. This pattern appeared
more frequently among lower-performing students, who often revised their work without fully erasing earlier
attempts.

Table 4. AI scores for outlier cases. Seven grading trials for Group C responses with official scores of 0
Case Test Item 1st 2nd 3rd 4th 5th 6th 7th CB score

1 2022 AB 1-d 0 4 4 4 4 4 4 0
2 2022 BC 1-d 0 4 0 4 0 4 0 0
3 2023 BC 6-c 0 0 3 0 0 2 0 0
4 2024 BC 2-c 3 0 0 0 0 0 0 0

3.4.3. Pattern 2: notation ambiguity and non-linear spatial layout
For Cases 1, 2, and 4, qualitative analysis revealed a second error pattern involving ambiguous

notation and non-linear spatial organization. These responses contained non-standard notation that human
graders interpreted as incorrect but that the AI system occasionally interpreted more favorably. The two-
dimensional layout appeared to hinder the AI’s ability to reconstruct the logical structure of the response.
Human graders therefore assigned zero points despite the presence of isolated valid symbols, whereas the AI
system sometimes credited such fragments without fully evaluating their role in the overall reasoning.

3.4.4. Implications for error remediation
The identified error patterns suggest several directions for remediation. First, prompts can be

revised to encourage holistic evaluation rather than crediting isolated notation fragments. In follow-up prompt
tests, adding explicit holistic evaluation instructions restored correct 0-point scoring for Cases 1, 2, and 4
without reducing agreement on well-formed responses. Second, improved image preprocessing may help
filter visual noise such as scribble-outs and overwritten work before scoring. These findings also suggest
that some errors arise from the visual and structural characteristics of handwritten responses rather than from
mathematical reasoning alone. Problematic responses often contained partially erased work, overwritten
notation, or intermediate steps that remained visually salient despite not representing the intended solution.
Such features appear to increase the likelihood that the model interprets residual notation as evidence for
partial credit.

Future improvements in vision-language models may reduce some of these limitations, although
this remains an empirical question [15], [16]. As these models become better at distinguishing intended
mathematical content from visual artifacts, the need for external preprocessing may diminish. Enhanced
reasoning capabilities may also improve the evaluation of incomplete or unconventional responses by helping
the model distinguish responses that genuinely merit partial credit from those that merely resemble
mathematically relevant notation.

Another notable finding is the directional asymmetry in AI–human score discrepancies across
proficiency levels. Agreement was almost perfect for Group A, whereas Groups B and C showed a greater
tendency for the AI system to assign scores above the human reference. This pattern is consistent with a
possible leniency effect, particularly for responses containing incomplete reasoning, ambiguous notation, or
unconventional solution strategies. However, this interpretation should be treated cautiously because score
range restriction may have reduced the visibility of over-scoring among high-performing responses near the
rubric ceiling. The present findings therefore do not determine whether the observed asymmetry reflects a
lower-proficiency-specific issue or a broader scoring tendency masked by ceiling effects.

3.5. Interpretation of reliability evidence
The central issue in this study is whether AI-generated scores are reliable enough to support

educational interpretation, not merely whether they appear plausible on the surface. In classical
measurement theory, reliability is a necessary, though not sufficient, condition for validity [11]. The
results indicate substantial to almost perfect agreement with expert human raters and high score stability across
repeated trials, providing an empirical foundation for further validation. At the same time, these findings should
be interpreted as reliability evidence rather than as proof of construct validity or operational readiness.
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In this study, image-native AI scoring is considered not merely as a technical innovation but as
part of the measurement process itself. In operational assessment contexts, any scoring mechanism—human
or automated—must demonstrate adequate consistency, transparency, and interpretability [11]. Removing
OCR preprocessing may reduce a source of construct-irrelevant variance introduced by transcription errors
[9], [10], and may therefore strengthen score consistency for handwritten responses. Treating the system
as a scoring instrument rather than as a productivity tool makes it possible to evaluate it using established
psychometric criteria, including inter-rater reliability, score stability, and error patterns across performance
levels. The reliability metrics reported here compare favorably with prior work on automated scoring of
mathematical responses. Kortemeyer et al. [16] reported substantially lower agreement using GPT-4-based
workflows for handwritten physics exam grading, whereas Liu et al. [18] achieved comparable agreement but
relied on OCR preprocessing that introduced additional error sources. In high-stakes assessment contexts, this
distinction is consequential because scores may influence placement, certification, and instructional decisions.

3.6. Implications for teacher–AI collaboration and policy
The proposed TAC framework is intended not as a detailed workflow but as a way of conceptualizing

oversight in AI-assisted scoring. In this framework, AI serves as a first-pass scoring instrument, while educators
retain responsibility for final score interpretation through targeted review of discrepant or low-confidence cases.
This arrangement preserves professional judgment while leveraging algorithmic consistency to reduce part of
the scoring workload [33]. From a measurement perspective, its value lies in treating AI as a supervised
component within the scoring process rather than as a substitute for human raters. At the instructional level,
the same approach may reduce teachers’ workload while maintaining their authority over score review and
interpretation. The key issue is therefore not whether human judgment remains involved, but how it is integrated
into an AI-assisted scoring process [34], [35].

At present, TAC should be regarded as a conceptual framework rather than a tested implementation
model. Questions regarding teacher acceptance, flagging thresholds, workflow efficiency, and the allocation
of review responsibility remain empirical issues for future study. For now, image-native AI scoring is best
viewed as a first-pass support mechanism within a human-supervised quality-control process rather than as a
replacement for expert raters.

The key question is not whether AI scoring is technically feasible, but under what conditions its
educational use can be justified. In classroom assessment, consistent AI-assisted scoring may help reduce
grading workload while preserving defensible score interpretation through supervised frameworks such as TAC.
For examination boards, image-native scoring may provide a more scalable approach for evaluating handwritten
mathematical reasoning while avoiding some transcription errors associated with OCR-based workflows. At
the policy level, operational use of AI scoring should depend on clear psychometric evidence. Reliability
should be treated as a baseline requirement rather than an assumed consequence of technological innovation.

3.7. Limitations and future directions
Several limitations should be acknowledged. First, the study relied on publicly available AP

sample responses selected for instructional purposes, which may not fully represent the diversity of
handwriting styles, response patterns, and error types found in live examination settings. The absence of
examinee-level information also limits inferences about within-student consistency across responses. Second,
the reported reliability estimates are contingent on the stability of the underlying AI model version. Because
model updates may alter scoring behavior even under the same rubric and prompting structure, future research
should examine score comparability across model versions, particularly in high-stakes contexts.

Third, the almost perfect agreement observed for high-performing responses should be interpreted
cautiously because score range restriction may reduce the visibility of scoring errors. In addition, treating
all one-point discrepancies as equivalent may obscure differences in severity across sub-items with different
point values. Finally, this study provides reliability evidence rather than full validation. Future research should
therefore examine construct alignment, response-process evidence, fairness across student groups, and the
consequences of score use in practice.

4. CONCLUSION
This study examined whether an image-native AI scoring system based on a multimodal reasoning

model can function as a reliable measurement instrument for handwritten mathematical responses. Across
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inter-rater comparisons with expert human scorers and repeated scoring trials, the system demonstrated
substantial agreement and almost perfect score stability. From an educational measurement perspective, these
findings suggest that image-native AI scoring may meet a meaningful reliability threshold for human-supervised
use in mathematics assessment. However, these findings should be interpreted as reliability evidence rather
than as full validation, and broader claims about operational use require further evidence regarding construct
representation, fairness, and the consequences of score use.
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