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ABSTRACT

This study evaluates Claude Opus 4 for
optical character recognition (OCR) on 30
handwritten English as a Foreign Language
(EFL) essay by testing if its fidelity is adequate
for Al-supported assessment. For each essay,
a human baseline and Claude’s verbatim
output were obtained via the web interface.
Accuracy was analyzed at character, word,
and sentence-coherence levels. The findings
revealed high character accuracy (over 98%)
and strong word accuracy (over 96%), though
sentence coherence was more variable. While
word accuracy showed a  significant
correlation  with  coherence, character
accuracy did not. A 95% word-accuracy
threshold was found effective in separating
usable from unreliable transcripts. The most
common  efrrors  were substitutions,
punctuation/capitalization, and deletions,
while rarer hallucinated insertions (text not
present in the original) and semantic
distortions  disproportionately ~ harmed
meaning. The study recommends spot-
checking outputs with 295% word accuracy
and fully re-transcribing those below,
suggesting that an “Al + Teacher” workflow
remains essential for high-stakes use.

Oz

Bu caligma, Ingilizceyi Yabanct Dil Olarak (EFL)
Ogrenenlerin el yazilariyla  yazdiklar1 30
kompozisyon tzerinde Claude Opus 4'in optik
karakter tamima (OCR) performansini ve bu
performansin ortaya koydugu Grtiniin yapay zeka
destekli degerlendirmeye uygunlugunu
degerlendirmeyi amaclamustir.  Sinifta  yazilan
kompozisyonlar fotograflanmis ve web araylzi
tzerinden islenmistir. Dogruluk; insan referans
metinlerine kiyasla karakter, kelime ve ciimle
tutarliligs  dizeylerinde  degerlendirilmistir.
Sonuglar yiiksek karakter (%098 tizeri) ve kelime
(%96 tuzeri) dogrulugu gdstermis, ancak ctimle

tutarliligr  degiskenlik  gbstermistir.  Kelime
dogrulugu tutarliik ile anlamh  bir iliski
gosterirken, karakter dogrulugu gdstermemistir.
%95'lik  bir kelime dogrulugu  esiginin,

kullanilabilir transkriptleri ayirt etmede etkili
oldugu bulunmustur. Yaygin hatalar arasinda yer
degistirme, noktalama/buytk hatf ve silme yer
alirken; daha nadir gorilen halisinasyonlar ve
anlamsal bozulmalar anlami orantisiz  gekilde
etkilemigtit. Calisma, "Yapay Zekia (YZ) +
Ogretmen" is akisinin gerekliligini korudugunu
one siurmekte, %95 kelime dogrulugunun
tzerindeki ciktilarin nokta atist kontrol edilmesini
ve bu oranin altindakilerin yeniden transkribe
edilmesini 6nermektedir.
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Introduction

Writing assessment remains a cornerstone of English as a Foreign Language (EFL) instruction, where students'
written output serves as a key indicator of both academic performance and language development (Schaefer,
2008; Karatay & Karatay, 2024). However, traditional assessment practices in EFL. contexts face persistent
challenges. Manual grading is time-consuming, often delayed, and subject to inconsistency due to rater
subjectivity, varying interpretations of rubrics, and learner proficiency gaps (Yu & Yang, 2021). Even when
feedback is delivered, students may resist or fail to engage meaningfully with it (Han & Hyland, 2015; Shen &
Chong, 2023). These limitations not only burden educators but also reduce the pedagogical value of writing
tasks.

In response, the educational field has increasingly explored the integration of Artificial Intelligence (Al) into
writing assessment. Automated Writing Evaluation (AWE) systems such as e-rater (ETS) or Criterion have been
developed to deliver scalable, consistent, and timely feedback (Karatay & Karatay, 2024). More recently,
advanced multimodal Al models like OpenAl’s GPT, Anthropic’s Claude and Google’s Gemini have further
expanded possibilities for Al-supported feedback and evaluation. These models can interpret not only typed
input but also visual data—including handwriting, which offers new pathways for processing analog student
work (Kim et al., 2025).

Yet, a significant practical barrier remains: the dominance of handwritten responses, especially in time-
constrained, in-class essay tasks and high-stakes exams. In countries like Tiirkiye and many others worldwide,
pen-and-paper exams persist due to infrastructure limitations, exam security concerns, or pedagogical traditions
(Chan, 2023). This creates a fundamental bottleneck—AI tools designed for digital text input cannot interact
with handwritten scripts unless an accurate Optical Character Recognition (OCR) process is employed (Ramani
et al., 2024).

OCR is thus the critical first step in enabling automated feedback and/or scoring for handwritten essays.
However, its accuracy varies with handwriting legibility, script style, and image quality, and even modest
transcription errors can undermine the reliability of downstream Al analysis (AlKendi et al., 2024; Hamdi et al.,
2023; Michalil et al., 2025). Emerging evidence suggests that advanced multimodal Al models such as Claude
3.5 may outperform traditional OCR engines in certain contexts, especially with modern, cursive handwriting
(Kim et al., 2025). Yet, empirical evaluations of Claude’s OCR capabilities on real-world educational data remain
scarce. Addressing this gap, Yesilyurt and Sevli (2024) conducted a preliminary investigation using ChatGPT-
40’s OCR and reported high character- and word-level accuracy, alongside minor sentence-level issues in
specific handwriting cases.

This preliminary study addresses this gap by evaluating the OCR performance of Claude on handwritten English
essays written by university-level EFL students. Following the preliminary investigation of ChatGPT-40's OCR
capabilities (Yesilyurt & Sevli, 2024), Anthropic's Claude was selected for this study as it represents a primary,
state-of-the-art competitor with distinct architecture and advanced vision capabilities. A focused evaluation of
its performance is thus a necessary step in understanding the practical utility of current-generation LLMs for
this task. By focusing on the foundational process of converting analog text into machine-readable form, this
research lays the groundwork for future Al-assisted feedback systems. Accurate OCR is not merely a technical
convenience but a prerequisite for the equitable and scalable integration of Al into real-world writing
assessment.

Methodology
Research Design

This study employs a quantitative document analysis design to evaluate the OCR performance of Claude Opus
4 in transcribing handwritten English essays written by EFL university students. Evaluations were conducted
via the provider’s web interface. No manual control over generation hyperparameters (e.g., temperature, top-p)
was available, so default service settings applied to all runs. The focus is on assessing transcription accuracy
across three linguistic levels—character, word, and sentence—by comparing Claude’s output against human-
transcribed ground-truth data. The focus on these three linguistic levels was deliberate. Character-level accuracy
serves as the baseline for granular technical fidelity. Word-level accuracy measures the preservation of lexical
units, which is essential for meaning. Finally, sentence-level coherence evaluates the output's semantic integrity,
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which is the most critical factor for determining if a transcript is usable for downstream assessment and feedback
tasks (Aljishi et al., 2024).

Data Source

The data corpus consisted of 30 handwritten English essays, each produced by an undergraduate student
enrolled in an EFL academic writing course at a public university in Turkiye. All participants were at the
intermediate level of English proficiency, based on their CEFR-aligned course placements (Council of Eutrope,
2020). Each essay was written as part of a timed, in-class argumentative writing task, simulating real-world
assessment conditions where digital entry was not permitted. The students were informed that their anonymized
essays might be used for educational research purposes, and ethical approval was granted by the institution’s
research ethics board.

OCR System
Capture and System (Claude Opus 4)

Claude Opus 4 (multimodal LLM with vision) was accessed through the official web interface. Because web
deployments may change over time, results reflect the service state during the study period under default
provider settings (no exposed controls for decoding randomness or style).

Source pages were photographed using a Samsung Galaxy S24+ rear camera under daylight conditions in an
office setting. The Samsung Galaxy S24+ was utilized as it represents a high-end, widely available smartphone,
simulating the likely capture device a contemporary educator might employ for such tasks. Images were taken
with the default camera app and default exposutre/processing. There was no manual adjustment of resolution
and no post-processing (e.g., denoising, sharpening, deskewing, or cropping) prior to upload. Photos were
uploaded at the native device output (file format/size as produced by the phone) without alteration. As a capture
limitation, hand-held smartphone photography in ambient light can introduce variability (e.g., slight motion
blut, focus/exposure fluctuations, and compression attifacts), which may affect OCR fidelity. To maintain this
ecological validity, no mitigation efforts (e.g., taking multiple shots and selecting the clearest) were applied. The
goal was to test the system against a #jpical/ capture, not an optimized one, reflecting likely real-world use by an
educator.

To facilitate replication, we retained the original image files (with EXIF metadata) and the timestamped outputs
from the web interface. Replication should therefore use the same unaltered images and the service’s web
interface under default settings.

Transcription Procedure
The analysis involved two transcription layers:

Human Baseline Transcription: Each essay was manually transcribed by its author. They tried to preserve all
original punctuation, spacing, grammar, and lexical idiosyncrasies. These transcriptions served as the reference
standard.

Claude OCR Transcription: Each phone-captured handwritten essay image was processed via the same web
interface using Claude Opus 4, a multimodal AI model capable of image-to-text transcription. The model was
prompted to transcribe the content verbatim, without correcting or interpreting the text. Ten essay images were
uploaded simultaneously in a single multi-image prompt. The exact prompt was: “Transcribe the attached 10
handwritten essays as they are. Do not correct or modify any part of the text.” This prompt was selected as a
direct, zero-shot instruction, specifically designed to mitigate the model's tendency to auto-correct or interpret
the text. By explicitly forbidding modification, we aimed to force a verbatim transcription, which is essential for
an OCR fidelity analysis. Text returned by the model was copied verbatim (UTF-8), preserving line breaks where
provided by the service. Both transcriptions were saved as plain-text files and systematically aligned for
comparison.
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Accuracy Metrics and Error Analysis

The Claude OCR outputs were evaluated against the human baseline using three accuracy metrics:
Character-Level Accuracy: Calculated by comparing the total number of matching characters between the
human and Claude versions. Accuracy percentage was computed as: Character Accuracy = Number of Correct
Characters / Total Characters in Human Version X 100.

Word-Level Accuracy: Tokens were compared using whitespace delimiters. Mismatches due to substitutions,
deletions, or insertions were recorded. Word-level accuracy was calculated similarly: Word Accuracy = Number
of Correct Words / Total Words in Human Version X 100.

Sentence-Level Coherence: A qualitative metric evaluating whether OCR outputs preserved the semantic
integrity and readability of the original sentences. Each sentence was manually reviewed and coded as either
“intact” or “distorted” (due to OCR-induced semantic shift, hallucination, or omission). The sentence
coherence score was computed as the percentage of intact sentences in each essay.

In addition to descriptive accuracy rates, two complementary statistical procedures were employed to better
understand the relationship between surface-level transcription fidelity and overall semantic coherence. First,
Pearson correlation coefficients were calculated between sentence coherence scores and both character- and
word-level accuracy to assess predictive relationships. Second, a threshold analysis was conducted by grouping
essays into two categories based on word accuracy (2 95% vs. < 95%) and comparing their average sentence
coherence scores. These procedures aimed to evaluate whether high word-level accuracy could be used as a
practical indicator of transcriptions that were semantically usable for downstream assessment purposes. All
analyses were conducted in Python 3.11 using pandas 2.2 (McKinney, 2010; Van Rossum & Drake, 2009);
visualization used matplotlib (Hunter, 2007).

Error Categorization

To enable a fine-grained analysis of Claude’s OCR performance, the errors were systematically categorized based
on their nature and linguistic impact. Substitution errors refer to instances where an incorrect word or character
replaces the original, as in flaw — flow. Insertions involve the addition of extraneous elements not found in the
original text, such as the model rendering “use i#” as “use I”. Conversely, deletions denote the omission of content
that was originally present. Another noteworthy category, hallucinations, includes fabricated or nonsensical text
segments that bear no traceable connection to the input. Moreover, semantic distortions encompass errors that
preserve grammatical structure while altering the intended meaning of a sentence. Lastly, punctuation and
capitalization errors include inconsistencies in spacing, punctuation marks, or letter casing, which may impair
textual clarity and readability. Each essay in the dataset was manually coded for both the frequency and type of
these errors to facilitate a nuanced evaluation of the model’s transcription capabilities. Table 1 below
summarizes the error types and provides illustrative descriptions for each type of OCR-related issue.

Table 1. Error Types

Error Type Description

Substitution Incorrect words or characters replacing the original (e.g.,
flaw — flow)

Insertion Extraneous words or characters not present in the original
(e.g., 'use I' instead of 'use it')

Deletion Missing content that was present in the original

Hallucination Fabricated or nonsensical text not traceable to the original
input

Semantic Distortion Errors that alter sentence meaning while maintaining
structural plausibility

Punctuation and Capitalization Changes to spacing, punctuation marks, or letter casing

that could affect readability
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The classifications in Table 1 served as the basis for subsequent quantitative error distribution analysis, enabling
consistent cross-essay comparisons. They informed the structured annotation process used throughout the
analysis.

Tools and Analysis Environment

Text alighment and accuracy computations were conducted using Python 3.11 with difflib and pandas
(McKinney, 2010; Van Rossum & Drake, 2009). Sentence-level coherence judgments were made manually by
the lead researcher and cross-validated on a random subset by a second rater to ensure consistency. Descriptive
statistics were computed using standard spreadsheet functions and visualized using matplotlib (Hunter, 2007).

Results

This section presents the findings of Claude Opus 4’s OCR performance in transcribing 30 handwritten English
essays produced by EFL university students. The results are organized around three levels of analysis:
quantitative accuracy metrics, threshold-based reliability, and error type impact.

Descriptive Accuracy Metrics

Claude’s OCR performance was evaluated across three linguistic levels: character, word, and sentence. As
summarized in Table 2 and visualized in Figure 1, the model demonstrated consistently high character-level
accuracy (M = 98.51%, SD = 0.94), with most essays exceeding 97%. Word-level accuracy also remained strong
M = 96.48%, SD = 2.55), though more variable than character-level performance. In contrast, sentence-level
coherence, measured through manual holistic evaluation, showed broader fluctuation M = 77.65%, SD =
10.76), suggesting that even minor word-level deviations could affect semantic integrity.

Table 2. Accuracy Rates Across Levels

Essay No. Character Accuracy (%) Word Accuracy (%) Sentence Coherence (%)
1 99.61 98.04 83.33
2 97.54 94.51 76.47
3 97.54 93.88 72.22
4 97.58 93.82 71.43
5 99.64 98.94 91.67
6 98.85 96.88 71.43
7 99.34 98.05 84.6
8 99.82 100 100
9 99.61 98.02 87.5
10 99.14 97.31 60

11 98.68 94.73 58.33
12 99.5 97.92 77.78
13 99.42 97.95 72.7
14 99.46 97.71 62.5
15 99.43 97.21 70

16 99.31 97.98 85.71
17 99.74 99.04 85.71
18 99.85 98.66 66.67
19 99.23 97.65 57.14
20 98.62 97.3 71.43
21 98.08 97.12 85.71
22 98.09 97.51 85.71
23 97.27 97.48 85.71
24 96.9 97.62 85.71
25 97.09 97.37 85.71
26 96.51 96.67 85.71
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27 98.79 93.57 73.91

28 98.03 88.48 65
29 98.68 92.4 75
30 99.57 98.13 100

Table 2 summarizes descriptive OCR accuracy across linguistic levels. To visualize these patterns across essays,
Figure 1 presents the distribution of accuracy rates at the character, word, and sentence levels.

OCR Performance Across Linguistic Levels

Character-Level
—o— Word-Level
—e— Sentence-Level
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Figure 1. OCR Accuracy Performance of Claude Opus 4 Across Character-, Word-, and Sentence-Level

Table 2 and Figure 1 summarize descriptive OCR accuracy at the character-, word-, and sentence-levels:
character accuracy is consistently high M = 98.51%, SD = 0.94; most essays = 97%), word accuracy is also
strong but more variable (M = 96.48%, SD = 2.55), and sentence-level coherence shows the widest dispersion
(M = 77.65%, SD = 10.76), underscoring that small word errors can disproportionately affect meaning.

Correlation Analyses

To determine whether surface-level OCR accuracy predicts meaningful transcription quality, Pearson
correlations were computed between sentence coherence and both character and word accuracy. As shown in
Table 3, a moderate, statistically significant correlation was found between word accuracy and sentence
coherence (r = .44, p = .015), indicating that higher word-level fidelity generally supports coherent output.
However, no meaningful relationship was observed between character accuracy and sentence coherence (r = —
02, p = .922), suggesting that character-level precision alone is insufficient to guarantee semantic usability.

Table 3. Correlations Between OCR Accuracy and Sentence Coherence

Correlation Pair Pearson r p-value
Word Accuracy <> Sentence Coherence 0.438485724 0.015358575
Character Accuracy <> Sentence Coherence -0.018603462 0.922270649

Table 3 shows a moderate, statistically significant positive association between word accuracy and sentence
coherence (r = .44, p = .015). By contrast, character accuracy is essentially unrelated to coherence (r = —.02, p
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= .922). Thus, word-level fidelity—not character-level precision—better predicts whether OCR output is
semantically usable.

Threshold Analysis

To establish a practical benchmark for safe automation, sentence coherence scores were compared between
essays with word accuracy = 95% and those below that threshold. As shown in Figure 2 and Table 4, essays
with higher word-level accuracy yielded a mean coherence score of 80.11%, compared to 70.34% for those
below the threshold. This supports the use of a 95% word accuracy cut-off as a viable indicator of assessment-
ready transcriptions.
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Figure 2. Sentence Coherence by OCR Word-Accuracy Threshold

Figure 2 visualizes the threshold effect: essays with >95% word accuracy cluster at higher coherence levels
(around ~80%), with limited overlap from the lower group. The <95% group centers near ~70%, indicating
a clear performance separation. This pattern supports >95% as a practical cut-off for triaging OCR outputs.

Table 4. Sentence Coherence by Word-Level Accuracy

Word Accuracy Group Number of Essays (n) ~ Mean Sentence Coherence (%o) Standard
Deviation (SD)

>95% 22 80.11 9.65

< 95% 8 70.34 9.75

Table 4 quantifies the threshold pattern: coherence averages 80.11% (SD = 9.65, n = 22) for >95% versus
70.34% (SD = 9.75, n = 8) for <95%. The ~10-point gap is pedagogically meaningful for downstream
scoring and feedback. Accordingly, >95% word accuracy is a workable operational rule for when OCR can
be relied upon with minimal human correction.
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Error Type Frequency and Impact

A manual review of Claude’s transcriptions revealed six recurring error types, as visualized in Figure 3.
Substitution errors (e.g., “flaw” — “flow”) were the most frequent (n = 89), followed by
punctuation/capitalization issues (n = 43) and deletions (n = 31). While semantic hallucinations and distortions
were relatively rare (n = 11 and n = 18, respectively), their impact on coherence was disproportionately high.
HEssays containing such errors typically exhibited marked breakdowns in sentence structure, often rendering
parts of the text ungradable without human intervention.

Error Type Frequency

100

Frequency

Figure 3. Distribution of OCR Error Types in Claude Opus 4 Outputs

Figure 3 shows substitutions as most frequent, followed by punctuation/capitalization issues and deletions.
Although hallucinations and semantic distortions are rarer, they align with the largest coherence losses and often
necessitate human review. Practically, quality control should prioritize detecting these high-impact categories

while batch-correcting common surface errors.

Discussion and Implications

Interpretation and Implications for Practice

The results of this study indicate that Claude’s OCR engine can accurately transcribe handwritten EFL essays,
effectively bridging the analog-to-digital gap in writing assessment. Claude achieved high character- and word-
level transcription accuracy, corroborating ecarlier evidence that advanced multimodal Al models may
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outperform traditional OCR systems on contemporary handwriting. Complementary to Yesilyurt & Sevli (2024)
on ChatGPT-4o, our findings provide Claude-specific OCR evidence on authentic, in-class EFL essays, thereby
broadening model-level evidence for Al-supported assessment. This finding aligns with Yesilyurt and Sevli’s
(2024) preliminary study of ChatGPT’s OCR, which also reported high character- and word-level accuracy rates
recognition rates apart from minor errors in certain handwriting styles. By successfully converting pen-and-
paper essays into machine-readable text, our study addresses the “fundamental bottleneck” identified in prior
research: Al-powered evaluation tools cannot interact with handwritten scripts unless an OCR step is applied
(Kim et al., 2025). In contexts where in-class and high-stakes exams are still predominantly handwritten (e.g.,
Turkiye), this is a critical advancement. An effective Al-driven OCR paves the way for deploying automated
writing evaluation in such settings, enabling consistent, immediate feedback even for analog student work.
Furthermore, automating the transcription process can help mitigate human rater inconsistencies and
subjectivity in scoring, since the text that the Al evaluates is standardized. In short, our findings demonstrate
that integrating Al-based OCR can make EFL writing assessment more scalable and equitable by opening AI’s
benefits to traditionally paper-based classrooms.

Another key implication of this study is the potential to significantly reduce teacher workload in writing
assessment. Combining OCR with Al evaluation consolidates what were once multiple labor-intensive tasks—
deciphering handwriting, assigning scores, and providing feedback into a single streamlined process. This
automation offers substantial time savings. Empirical studies have shown that (AWE) tools can cut the time
teachers spend on providing feedback by a factor of two to three without diminishing the amount or quality of
feedback given (Han & Sari, 2022; Wilson & Czik, 2016). In our context, Claude’s ability to both transcribe and
generate preliminary assessments means that instructors are relieved from the chore of deciphering illegible
scripts and performing tedious error corrections. Indeed, AWE systems significantly reduce the effort required
for personalized feedback delivery (Han & Li, 2024), allowing educators to reallocate their time. Instead of
expending hours on mechanical marking, teachers can focus on higher-order concerns such as content,
argumentation, and organization—feedback areas that benefit most from human expertise. This shift can elevate
the pedagogical value of writing tasks, as instructors spend more time discussing global writing issues (e.g., idea
development, coherence) rather than marking basic language errors. Moreover, lightening the grading burden
may encourage teachers to assign writing tasks more frequently. Research suggests that when faced with
overwhelming marking loads, teachers often limit the number of writing assignments or forego detailed
feedback to avoid overwork (Karatay & Karatay, 2024). By alleviating these pressures, Al-supported assessment
can foster a more continuous practice—feedback cycle: instructors may feel empowered to integrate more
frequent short essays or drafts, knowing that an Al can handle initial evaluations swiftly. Increased writing
practice accompanied by prompt feedback is expected to benefit student learning, as it closes the gap between
performance and targeted expectations in a timely manner (Biber et al., 2011).

From the student perspective, the implications are equally promising. If teachers implement more regular writing
exercises with quicker turnaround on feedback, students gain additional opportunities to improve their writing
skills. Prior studies have found that immediate, Al-generated feedback can spur students to engage in more
revisions and iterative improvements to their texts (Guo & Wang, 2023; Chen et al., 2009). For example, AWE
tools have been shown to increase the number of revisions students perform and enhance certain aspects of
writing quality, especially in mechanics and grammar (Wilson & Czik, 2016). Timely feedback is known to
strengthen the formative learning process, as it allows learners to act on corrections while the material is still
fresh (Biber et al., 2011). By converting handwritten work to digital text on the fly, Claude’s OCR enables this
rapid feedback loop even in traditionally feedback-sparse contexts such as handwritten exams. Furthermore,
consistent automated scoring and comments can give students a clearer sense of their writing performance free
from the variability of human markers, which may improve their confidence and uptake of feedback. Of course,
human oversight and guidance remain crucial to ensure students interpret and apply Al feedback correctly. But
overall, a system that “vastly accelerates the practice—feedback loop” holds considerable potential for improving
writing outcomes (Kellogg et al., 2010). It could particulatly help large EFL classes where individualized teacher
feedback for every draft is impractical; with Al handling initial critiques, students can receive at least some
formative input on each piece of writing, rather than waiting weeks for a grade.
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Crucially, our findings underscore the importance of an “Al + Teacher” collaborative model in writing
assessment. While Al tools like Claude can efficiently handle transcription and generate preliminary evaluations,
they are not a wholesale replacement for expert human judgment. Recent research emphasizes that the best
results arise when Al’s analytical strengths are paired with the teacher’s pedagogical and contextual knowledge
(Steiss et al., 2024; Han & Li, 2024). Han and Li (2024) describe how ChatGPT can mediate the feedback
process, allowing teachers to provide detailed comments at scale, yet the teacher still must customize and
moderate this feedback to fit their students’ needs. In our scenario, a teacher could use Claude’s OCR output
and automated feedback as a starting point, then validate, adjust, and expand upon that feedback for each
student. This approach leverages Al to cover routine tasks and frees the instructor to add nuanced, personalized
insights that Al might miss (for instance, addressing subtle content issues or motivational aspects). The value
of maintaining teacher involvement is supported by Steiss et al. (2024), who found that well-trained teachers
still provide higher-quality feedback than ChatGPT alone—especially in terms of tailored advice—but they also
note that Al feedback is extremely useful when instructors are stretched thin or must review many drafts quickly.
Similarly, Guo and Wang (2023) observed that ChatGPT can deliver a greater volume of specific feedback
across content, organization, and language, but teachers excel at giving adaptive, student-centered comments.
Therefore, the ideal implementation is a synergistic one: Al systems handle the heavy lifting of transcription
and error detection, and perhaps suggest corrections, while teachers oversee the process, ensure accuracy, and
provide the pedagogical interpretation of the feedback. This synergy not only safeguards quality but also keeps
the human element in the feedback loop, which is essential for student motivation and trust. Notably, students
in an Al-supported feedback environment have been shown to incorporate more of the feedback into their
revisions, indicating deeper engagement with the comments when the feedback is mediated by a teacher figure
(Barrot, 2023). Maintaining teacher involvement helps prevent students from feeling that impersonal machine
feedback is the final word; instead, the Al output becomes a springboard for teacher—student conferences or
follow-up explanations, thus enriching the learning experience. In short, our work implies that teacher training
and feedback literacy will be vital—instructors need guidance on interpreting Al-generated evaluations and
integrating them into practice. With clear guidelines and support, teachers can maximize the benefits of tools
like Claude while avoiding potential pitfalls such as over-reliance on formulaic AI comments or uncritical trust
in OCR results.

Operationally, our results support using a =295% word-accuracy threshold as a triage rule for OCR outputs (see
Results: Threshold Analysis). Transcriptions meeting or exceeding this level can be spot-checked—focusing on
flagged spans—rather than fully re-transcribed. Outputs below 95% should be re-transcribed in full before any
downstream automated analysis or feedback.

Taken together, the present study provides an encouraging proof-of-concept: with accurate OCR capabilities,
Al can be harnessed to streamline writing assessment, reduce instructors’ workloads, and possibly enhance the
feedback landscape in EFL writing instruction. As OCR and language models continue to improve, we envision
Al-powered assessment tools becoming a supportive partner for educators—not replacing teacher judgment,
but extending it to achieve more timely, consistent, and formative evaluation of student writing. This evolution
holds the promise of reinvigorating the teaching of writing by freeing up teachers’ time for richer instructional
interactions and giving learners more frequent, high-quality feedback on their journey to writing proficiency.

Limitations

This study is preliminary and context-bound. The dataset comprises authentic handwritten essays drawn from
a single institutional setting, which constrains the generalizability of the findings. Handwriting legibility and
capture conditions (e.g., device, resolution, lighting) were not systematically manipulated; as such, observed
fidelity may vary under different imaging parameters and scripts. Ground-truthing relied on human
transcriptions with limited inter-rater checks on a subset of pages, which may bound the precision of error
estimates. We did not benchmark against classical OCR engines or alternative LLM-based OCR systems under
identical conditions. Such a comparative analysis, while a critical next step, was considered beyond the scope of
this preliminary study which was focused on first establishing a detailed fidelity baseline for Claude Opus 4.
Therefore, comparative performance remains uncertain. Finally, the focus was on English essays; results may
not transfer to other languages or orthographies without additional validation.
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Directions for Future Research

Future research should broaden populations (multi-site samples across age groups, proficiency bands, and
handwriting styles) and diversify orthographies (e.g., Turkish cursive and other scripts) to test robustness.
Systematic experiments that vary imaging conditions can clarify sensitivity to input quality. Head-to-head
benchmarks with established OCR tools and other LLMs are needed to identify cost—accuracy trade-offs. In
addition, classroom-based and preferably longitudinal studies should investigate the real-world impact of OCR-
mediated AWE on students’ revision quality, writing development, and motivation over time, so that the
practical consequences of adopting such systems can be documented beyond technical fidelity. Integrating OCR
with end-to-end Al-assisted writing pipelines (automated analysis, formative feedback, and revision tracking)
would allow evaluation of downstream effects on feedback timeliness, revision behavior, and writing outcomes.
Human-in-the-loop safeguards—such as confidence flags and triage of low-fidelity spans—should be designed
and tested for reliability and teacher workload. Finally, qualitative work with instructors and students can
illuminate trust, uptake, and feedback literacy in Al-mediated assessment contexts

Conclusion

This study evaluated Claude (Opus 4) for OCR transcription of 30 handwritten EFL essays. The system achieved
high character- and word-level fidelity (M_character = 98.5%, M_word = 96.5%), while sentence-level
coherence varied across scripts. Word accuracy moderately predicted coherent sentences (r = .44), and a
practical threshold of 295% word accuracy emerged as a useful indicator of transcription that is reliable enough
for downstream analysis. Although rare, hallucinations and semantic distortions carried disproportionate impact
on coherence and therefore warrant human review in high-stakes settings. Taken together, the findings indicate
that Al-based OCR can remove a key bottleneck in paper-based writing assessment, enabling faster feedback
cycles and reducing instructor workload. We argue for an “Al + Teacher” model in which OCR and initial
analytics are automated, while teachers validate, contextualize, and extend feedback. With careful safeguards
(confidence flags, review of low-fidelity passages) and attention to ethics and equity, integrating OCR into EFL
assessment can make feedback timelier, more consistent, and more scalable—without displacing expert human
judgment.
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GENISLETILMIS OZET

Bu caligma, tiniversite diizeyindeki Ingilizceyi yabanci dil olarak 6grenen (EFL) 6grencilerin el yazistyla trettigi
kompozisyonlarda Anthropic Claude Opus 47Un optik karakter tanima (OCR) performansini inceleyen 6n
bulgulart sunmaktadir. Yazma degerlendirmesinin  6nemli bir kismi halen kagit-kalem ortaminda
yurttildiginden, analog ciktinin giivenilir bicimde sayisallastirilmasi, yapay zeka destekli geri bildirim ve
puanlamanin 6n kosuludur. El yazist ¢éziimlerinde kii¢lik yazim veya tanima hatalarinin bile anlam butiinligini
bozabildigi bilindiginden, bu ¢alismanin temel amact, Claude’un karakter, sézciik ve cimle diizeylerinde sundugu
dogrulugun, asagi akistaki degerlendirme stirecleri icin “yeterince iy’ olup olmadigint nicel gostergelerle
stnamaktir. Calisma ayni zamanda uygulayicilar icin pratik bir esik 6nerisi sunmayi ve 6gretmenle yapay zekanin
birlikte ¢alistig1 bir is akisinin nasil yapilandirilabilecegine iliskin kanit tiretmeyi hedefler.

Arastirma nicel belge ¢6zlimlemesi deseninde yiritilmustiir. Veri kaynagini, Turkiye’de bir devlet
Giniversitesinde Ingilizce Yazma Becerileri 2 dersine kayitl, CEFR orta diizey (B1/B2) Ingilizce dil yeterliligine
sahip 30 lisans Ogrencisinin, stuf icinde siireli kosullarda yazdigt tartismact komposizyonlar olusturur. Tim
Ogrenciler calismalarinin  anonimlestirilmis  kopyalarinin  arastirma  amaglt  kullanilabilecegi  konusunda
bilgilendirilmis, kurumun etik kurul onayr alinmustir. Kompozisyon sayfalari, giindiiz 1s181nda ve ofis ortaminda
Samsung Galaxy S24+ arka kamerasiyla, varsayilan kamera ayarlariyla ve ¢Ozinirlik degistirilmeden
fotograflanmustir. Gorseller saglayicinin web araytizine degistirilmeden yiiklenmis; Claude’e tek bir ¢oklu-girdi
oturumunda on gorsel birlikte gdnderilmistir. Kullanilan talimat, “Transcribe the attached 10 handwritten essays
as they are. Do not correct or modify any part of the text.” bicimindedir. Her kompozisyon i¢in iki metin elde
edilmistir: 6grencinin kendi el yazisinin kendisi tarafindan transcribe edilmis hali ve Claude’un birebir OCR
ciktist. Ciktilar UTF-8 olarak satir sonlart korunarak kaydedilmis, herhangi bir dizeltme/normalizasyon
yapilmamustir.

Degerlendirme ti¢ dizeyde yuritilmistir. Karakter dizeyi dogruluk, insan transkripsiyonu ile Claude
cktisindaki eslesen karakter sayisinin tim karakterlere orantyla; sézciik diizeyi dogruluk, boslukla ayrilmis
belirtecler temelinde dogru sézciik orantyla; cimle diizeyi tutarlilik ise her cimlenin anlam ve okunaklilik
acisindan “saglam” ya da “bozulmus” olarak kodlanmasiyla hesaplanmistir. Ek olarak iki analiz uygulanmistir:
(i) cimle tutarliligy ile karakter/s6zciik dogrulugu arasindaki Pearson korelasyonlart ve (i) esik analizi (s6zctik
dogrulugu %95 ve tzeri olanlarla alti olanlarin karsilastirilmast). Hata thrlerini ayrintih gérmek igin yer
degistirme, ekleme, silme, haltisinasyon, anlamsal bozulma ve noktalama/buyiik-harf olmak tzere alt
kategoriden olusan bir tipoloji kullanilmis; her kompozisyon bu tipolojiye gére kodlanmustir. Analizler Python
3.11 tizerinde pandas ve gorsellestirmede matplotlib ile yiiriitilmustiir.

Bulgular, Claude’un karakter diizeyinde ytksek dogruluk sergiledigini (Ort. = 98.51, SS = 0.94) gbstermektedir.
Sozciik diizeyi dogruluk da yiksek olmakla birlikte (Ort. = 96.48, SS = 2.55) karakter diizeyine gbre daha
degiskendir. Climle dlizeyi tutarlilik ise daha genis bir dagilim sunmakta (Ort. = 77.65, SS = 10.76), bu da
yiizeydeki kiigiik sézciik hatalarinin  anlam  bitiinliigiini  etkileyebildigine isaret etmektedir. Iliskisel
cozlimlemeler, sézcik dogrulugu ile cimle tutarhligi arasinda orta diizeyde ve anlaml bir iliski bulundugunu
ortaya koymustur (r = .44, p = .015); buna karsilik karakter dogrulugu ile ciimle tutarhhigt arasinda anlaml bir
iliski saptanmamustir (r = —.02, p = .922). Esik analizinde, %95 ve tizeti s6zctk dogruluguna sahip kompozisyon
icin ortalama ciimle tutarliligi %80.11, esik altt kompozisyonlar icin ise %70.34 olarak bulunmustur. Bu sonug,
pratikte %95 s6zcik dogrulugunu degerlendirmeye uygun metinleri ayirt etmekte kullanilabilir bir gésterge
olarak desteklemektedir.

Hata tipolojisi, yer degistirme (n = 89), noktalama/buyiik-hatf (n = 43) ve silme (n = 31) hatalarinin en sik
gorildiiginid; anlamsal bozulma (n = 18) ve haliisinasyonlarin (n = 11) daha nadir olmakla birlikte ctimle
tutarliigini orantisiz bicimde zedeledigini g6stermistir. Bu iki nadir hata, tekil 6rneklerde biitiin paragraflarin
notlandirilamaz hale gelmesine neden olabileceginden, 6zellikle ytiksek riskli/ytiksek 6nemlilikteki kullanimlarda
insan denetimini gerektirmektedir. Bulgular toplamda, Claude’un OCR islemini ¢ok biyiik dl¢tide giivenilir
bicimde gerceklestirdigini; ancak az sayidaki yiksek etkili hata nedeniyle hedefli insan kontroli olmadan tam
otomasyonun riskler tagidigint géstermektedir.

Bu baglamda ¢alisma, uygulayicilara operasyonel bir karar kurali 6nermektedir: %95 ve tizeri sézciik dogruluguna
ulasan OCR ciktilart yerinde/odakli kontrol ile (sadece isaretlenen dustik gliven araliklart) dogrulanabilir; %95’in
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altindaki ¢iktilar ise asagt akistaki otomatik analiz ya da geri bildirimden 6nce tam yeniden yazim gerektirir. Boyle
bir “Yapay Zeki + Ogretmen” diizeni, 6gretmenin pedagojik sezgisini dislamadan, yogun rutinleri
otomatiklestirerek geri bildirim dongiisiinii hizlandirir. Ozellikle biiyiik siniflarda veya kisa siirede ¢ok sayida
yazinin degerlendirildigi durumlarda, 6grencilerin daha sik yazma ve daha hizli geri bildirim alma olanagt dogar;
bu da alanyazinda vurgulanan uygulama-geribildirim déngisini giiclendirir. Adalet ve tutarhlik acisindan, el
yazistnin dijital metne standart bicimde aktarilmast degerlendirmenin karsilastirilabilitligini artirir; ayni zamanda
Ogretmen is yiikiinde kayda deger bir azalma saglar.

Calismanin sinirhihiklari, tek kurumdan elde edilmis 30 yaziya dayanmasy; goériintiilemenin elde akill telefonla ve
dogal 1sikta yapilmast nedeniyle olast bulaniklik/odak/stkistirma degiskenlikleri icermesi; yalnizca Ingilizce
metinlerin incelenmis olmasi; Claude Opus 4’tin web arayiiziindeki varsayilan ayarlarla calistirdmast ve
karsilastirmali (klasik OCR ya da diger LLM tabanl ¢6ziimlerle basa bas) testlerin yapilmamis olmasidir. Bu
nedenlerle genellenebilirlik sinirhdir ve bulgular modelin incelenen siiriim dénemine 6zgtdir. Bununla birlikte,
yontem seffaf bicimde raporlandigindan (girdi kogullari, talimat, ¢oklu-girdi kullanimt ve 6lgiitler), arastirma
kolaylikla yinelenebilir.

Sonug olarak ¢alisma, Claude Opus 4’iin el yazist Ingilizce kompozisyonlarda yitksek karakter ve sozciik diizeyi
dogruluga ulastigini ancak anlamsal biitinliigiin metinler arasinda degiskenlik gésterdigini ortaya koyarak alan
yazisina kanita dayalt bir esik ve is akist ilkesi kazandirmaktadir. Gelecek caligmalarin farkli yas/basari
diizeylerinden ve farkli yazt sistemlerinden (6r. Tirkee yazi gesitleri ve egik yazi) daha biyik 6rneklemlerle
yuritilmesi; gérintileme kosullarinin sistematik olarak degistirilmesi, klasik OCR ve diger buyiik dil modeli
tabanlt ¢6ztimlerle basa bas karsilastirmalar yapilmasi ve OCR-AWE-geri bildirim zincirinin égrenci 6grenme
ctktilart izerindeki etkisinin deneysel tasarimlarla stnanmast 6nerilir. Ayrica gretmen ve 6grencilerin teknolojiye
gliven, benimseme ve geri bildirim okuryazarligi boyutlarinin nitel ve karma yoéntemlerle incelenmesi, okul
ortamlarina aktarimi giiclendirecektir. Biitiin bu adimlarla, OCR dogrulugunun belirlenen %95 esik rehberi
esliginde izlenmesi, kagit temelli yazma degerlendirmesinde tikanikligi azaltarak daha zamanli, tutarh ve
Olgeklenebilir bir degerlendirme ekosistemine katki sunacaktir.
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