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Introduction

Abstract: This study proposes a conceptual framework for Al-based detection of
handwritten and technical English writing in electrical engineering students, integrating
multiple input modalities, including handwritten, typed, hybrid, and transcribed texts.
A neural network-based detection system was evaluated using classification metrics and
statistical analysis. The results demonstrate that detection accuracy varies significantly
across modalities, ranging from 0.72 to 0.89, with typed and transcribed texts achieving
higher consistency. Mean detection scores increased progressively from handwritten
(0.41-0.50) to typed (0.52-0.58), hybrid (0.60-0.66), and transcribed texts (0.68-0.76),
indicating the influence of text standardization. Variability was highest in handwritten
and hybrid categories, with standard deviation reaching 0.10-0.11 and wider confidence
intervals (e.g., 0.36-0.56), reflecting classification uncertainty. Heatmap analysis further
shows that precision and recall in transcribed texts can exceed 0.85-0.89, while
handwritten texts drop below 0.45 in some cases. The findings reveal that L2 writing
characteristics and technical language significantly affect detection outcomes, leading to
potential misclassification. This study highlights the need for context-aware Al detection
systems that incorporate modality-specific features, ensuring fairness and reliability in
engineering education.
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patterns, stylometric features, and probabilistic text
characteristics to classify writing as human or Al-

The rapid advancement of artificial intelligence
(Al), particularly large language models (LLMs), has
significantly transformed academic writing practices
across higher education. Tools such as generative Al
systems are increasingly capable of producing fluent,
coherent, and domain-specific text, raising -critical
concerns regarding academic integrity, authorship, and
assessment validity (Smith 2007; Sokolova & Lapalme
2009; Winskel, 2014; Biber & Gray, 2016; Kyle & Crossley
2018,; Gehrmann et al., 2019; Ippolito et al., 2020). In
technical disciplines such as electrical engineering,
where precise terminology and structured reasoning are
essential, the ability of Al systems to mimic human
writing introduces new challenges in distinguishing
authentic student work from machine-generated content
(Pasari et al., 2021a, 2021b).

Recent developments in Al detection systems have
attempted to address this issue by analyzing linguistic
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generated (Clark et al, 2021, Dwivedi et al., 2023;
Kasneci et al., 2023; Weber-Wulff et al., 2023). However,
existing detection approaches are often trained on
general-domain text and may not perform reliably in
specialized contexts such as engineering education,
where writing includes technical vocabulary, formula-
based explanations, and structured reporting styles
(Crossley & McNamara, 2012; Zellers et al., 2019). This
limitation raises concerns about the robustness and
fairness of Al detection tools when applied to discipline-
specific academic writing (Muksin et al., 2023; Adi et al.,
2024; Ansari et al., 2024; Setiadi et al., 2025).

An additional layer of complexity emerges in
contexts where English is used as a second language
(L2), such as among Indonesian electrical engineering
students. L2 writing often exhibits distinct
characteristics, including simplified grammar, limited
vocabulary range, and variability in sentence
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construction, which may inadvertently resemble
patterns associated with Al-generated text (Winskel,
2014; Kasneci et al., 2023; Rudolph et al., 2023). As a
result, Al detection systems may produce false positives,
incorrectly identifying authentic student writing as Al-
generated, thereby undermining trust in automated
assessment tools (Simanjuntak et al., 2025a, 2025b,
2025¢).

Furthermore, the role of handwriting in academic
writing has received relatively little attention in the
context of Al detection. Handwritten essays, which are
later digitized through optical character recognition
(OCR) or manual transcription, introduce additional
variability due to recognition errors, formatting
inconsistencies, and loss of original writing nuances
(Montenegro-Rueda et al., 2023; Fiitterer et al., 2023).
These transformations can alter linguistic features and

Student Writing Data
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>

Al Detection System
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potentially affect the performance of Al detection
models, creating a gap in understanding how different
input modalities influence detection accuracy.

In technical education settings, particularly in
electrical engineering, students are required to produce
structured explanations involving concepts such as
circuits, energy systems, and signal processing. This
type of writing often combines descriptive text with
technical terminology, making it inherently different
from general essays (Cotton et al., 2023; Dwivedi et al.,
2023). The interaction between technical language, L2
writing characteristics, and Al-generated content
remains largely unexplored, despite its importance for
ensuring fair and accurate evaluation in engineering
(Simanjuntak et al., 2024; Lamonge et al., 2024;
Anggriani et al., 2024; Sidabutar et al., 2025).

Output Analysis
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Figure 1. Conceptual framework of an Al-based system for detecting human and Al-generated English writing from handwritten
and typed essays of electrical engineering students, including input data, neural network processing, and output analysis

Recent studies have highlighted the need for more
domain-specific =~ and  context-aware  evaluation
frameworks in Al-assisted education (Cotton et al., 2023;
Rudolph et al., 2023). These frameworks emphasize the
importance of considering input diversity, including
handwritten versus typed text, as well as hybrid writing
processes where students may partially rely on Al tools
(Prananta et al., 2023a, 2023b; Rusdiawan et al., 2024;
Karim et al., 2025). However, there is still a lack of
integrated models that systematically examine how

these factors interact within a wunified detection
framework (Saragih et al., 2023; Wairisal et al., 2023;
Asmiddin et al., 2023). Therefore, this study proposes a
conceptual framework for Al-based detection of
handwritten and technical English writing in electrical
engineering students.

The framework integrates multiple input
modalities —handwritten essays, typed essays, hybrid
writing, and transcribed text—into a neural network-
based detection system, with the aim of evaluating
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detection performance, understanding modality-specific
variations, and assessing broader educational
implications. By addressing the intersection of Al
detection, technical writing, and L2 contexts, this study
contributes to the development of more reliable and
context-sensitive approaches for academic integrity.
Method

This study adopts a structured experimental design
to evaluate the performance of Al-based detection
systems in distinguishing human-written and Al-
generated technical English texts produced by electrical

Volume 12, Issue 4, 392-402

engineering students. The dataset consists of four
categories of writing: handwritten essays, typed essays,
hybrid writing (Al-assisted and human-edited), and
transcribed essays derived from handwritten input.
These categories are selected to reflect realistic academic
writing conditions and to capture variability in writing
modalities and production processes (Gehrmann et al.,
2019; Ippolito et al., 2020). The inclusion of multiple
input types is critical, as prior research has highlighted
that detection performance is sensitive to input
characteristics and text generation pathways (Mitchell et
al., 2023; Liang et al., 2023; Liu et al., 2024).

Study Design and Data Collection

(

Handwritten Essays

=

\"\ K

Handwritten essays digitized
via OCR or transcrip-

l

|
!

Typed Essays

Typed directly by students

l

\

Hybrid & Transcribed

Al-assisted, edited & trans-
cribed

l

Experimental Parameters

Technical English writing by electrical engineering students

Figure 2. Conceptual framework of the study design and data collection process

Participants  are  undergraduate  electrical
engineering students whose writing tasks are designed
around domain-specific topics such as energy systems,
circuit analysis, and electrical safety. Each student
produces short essays in English, typically within a
controlled word range to ensure comparability across
samples. Given that the participants are English users,
their writing inherently includes variability in grammar,
vocabulary, and syntactic structure, which is an
important factor influencing Al detection (Crossley &
McNamara, 2012; Kyle & Crossley, 2018).

To incorporate the handwriting, handwritten essays
are digitized using optical character recognition (OCR)
techniques or manual transcription. This step introduces
an additional layer of transformation that may affect
linguistic features and detection accuracy, as OCR

processes can alter text structure and noise (Smith, 2007;
Kadir et al., 2026).

Al Detection Framework and Feature Representation

The detection framework is based on a neural
network-oriented classification pipeline that analyses
linguistic and probabilistic features of text to determine
whether it is human-written or Al-generated. The
system leverages characteristics such as, sentence
structure, lexical diversity, and contextual coherence,
which have been shown to differentiate machine-
generated text from human writing (Gehrmann et al.,
2019; Mitchell et al., 2023). Formally, the classification
task is defined as a binary prediction problem:

y=fx) @
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where x represents the input, text features and y € {0,1}
denotes the predicted class (human or Al-generated).
The function f(x) corresponds to the detection, which
give statistical scoring or learning-based classification.

The framework also accounts for the influence of L2
writing characteristics and technical language usage.
Engineering texts often exhibit constrained vocabulary
and repetitive structural patterns, which may overlap
with Al-generated writing features (Biber & Gray, 2016).
Therefore, the model evaluation explicitly considers
how domain-specific writing and linguistic variability
affect classification outcomes, ensuring that detection
performance is an appropriate educational (Banjarnahor
et al., 2025; Zumhari et al., 2025).

Evaluation Metrics and Analytical Approach

Accuracy is the proportion of correctly classified
instances, while precision and recall measure the
reliability of positive predictions and the system’s

Volume 12, Issue 4, 392-402

sensitivity to true Al-generated content (Sokolova &
Lapalme, 2009). To systematically evaluate Al detection
performance and accuracy, student writing samples
were categorized into four primary modalities:
handwritten, typed, hybrid, and transcribed text. Each
modality was further divided into subcategories (A-D or
A-C) based on writing quality, consistency, and
transformation level as shown in Table 1.

Handwritten categories were defined based on
legibility and structural consistency, ranging from clear
writing (A) to complex and irregular technical scripts
(D). Typed categories reflect increasing levels of
linguistic sophistication and domain specificity. Hybrid
categories capture varying degrees of human-Al
interaction, from minimal assistance to heavily Al-
influenced writing. Transcribed categories represent
different levels of transformation quality resulting from
digitization = processes, including OCR-induced
distortions (Pasari et al., 2021¢; Simanjuntak et al., 2023).

Table 1. Aggregated system response characteristics under varying operational conditions

Writing Type Category Description Data Source Key Characteristics Detection Challenge

Handwritten A Clear and structured = Direct student writing Consistent letter forms, Moderate
handwriting minimal noise

Handwritten B Semi-structured handwriting  Direct student writing ~ Variable spacing and High
alignment

Handwritten C Irregular handwriting  Direct student writing Distorted characters, Very High
inconsistent strokes

Handwritten D Complex handwritten — Direct student writing  Includes symbols and Very High
technical text technical notation

Typed A Basic typed English writing Digital input Simple grammar, Low
limited vocabulary

Typed B Intermediate typed technical Digital input  Structured sentences, Low
writing domain vocabulary

Typed C  Advanced technical writing Digital input  Formal structure, high Moderate
consistency

Hybrid A Human writing with minor Mixed (human + tools)  Slight improvement in High
digital assistance coherence

Hybrid B Balanced human-Al assisted Mixed (human + tools) Mixed linguistic Very High
writing patterns

Hybrid C  Heavily Al-assisted writing Mixed (human + tools) High fluency, reduced Extremely High
variability

Transcribed A Clean transcription from OCR / manual ~ Minor transformation Moderate
handwriting errors

Transcribed B Noisy transcription OCR / manual OCR artefacts, missing High
characters

Transcribed C Highly distorted transcription OCR / manual  Significant structural Very High
alteration

This classification framework allows for a nuanced
analysis of how input modality and writing
characteristics influence Al detection outcomes. In
particular, it facilitates the identification of modality-
specific biases, such as increased misclassification in
hybrid or highly transformed text, which are critical for
understanding the limitations of current Al detection
systems in educational contexts.

Furthermore, the study incorporates qualitative
analysis to interpret misclassification cases and

understand underlying causes, such as linguistic
simplification, OCR-induced errors, or hybrid writing
patterns. This aligns with recent recommendations
emphasizing the need for context-aware evaluation of
Al detection systems in educational settings (Kasneci et
al., 2023; Cotton et al., 2023). By combining quantitative
metrics with contextual analysis, the study provides a
more comprehensive assessment of the effectiveness and
limitations of Al-based detection in technical academic
writing (Asnawi et al., 2022).
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Result and Discussion

Detection Performance Across Writing Modalities
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Figure 3. Distribution of Al detection scores across multiple
writing modalities, showing kernel density estimates with
color-coded histograms, median values, and percentile ranges
(50, 75, 90, and 95%), highlighting variability and classification
uncertainty in handwritten, typed, hybrid, and transcribed
student texts

The performance of the Al detection system was
first evaluated using standard classification metrics,
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including accuracy, precision, and recall. Overall, the
system demonstrated moderate to high classification
capability, with accuracy values ranging between 0.72
and 0.89 depending on the input modality. Typed essays
showed the highest detection accuracy, indicating that
clean, structured digital text provides more stable
linguistic signals for classification. This finding is
consistent with prior studies showing that Al-generated
text can be more easily identified when input data is
from noise and transformation artifacts (Gehrmann et
al., 2019; Mitchell et al., 2023).

In contrast, handwritten essays —after
digitization —exhibited lower detection performance,
with noticeable decreases in precision and recall. This
reduction can be attributed to the variability introduced
during OCR or transcription processes, which may
distort syntactic patterns and token distributions. Such
distortions reduce the effectiveness of statistical and
neural-based detection approaches, as previously
observed in document recognition and text processing
research (Smith, 2007). These findings highlight the
sensitivity of Al detection systems to pre-processing
stages.

Hybrid writing samples, which combine human
input with Al-assisted editing, presented the greatest
challenge for the detection model. These texts often
contained mixed linguistic signals, where human
variability coexisted with Al-like coherence and fluency.
As a result, classification confidence decreased, leading
to increased misclassification rates. This observation
aligns with emerging evidence that hybrid or edited Al
content is significantly harder to detect than fully
generated text (Ippolito et al., 2020; Clark et al., 2021),
emphasizing the limitations of current detection
technologies in real-world academic contexts.

Table 2. Aggregated system response characteristics under varying operational conditions

Writing Type Category N Mean Score Std Dev 95% CI
Handwritten A 8 0.41 0.07 0.36-0.46
Handwritten B 12 0.44 0.08 0.39-0.49
Handwritten C 15 047 0.09 0.42-0.52
Handwritten D 10 0.50 0.10 0.44-0.56
Typed B 9 0.55 0.07 0.50-0.60
Typed C 14 0.58 0.08 0.53-0.63
Hybrid A 18 0.60 0.09 0.55-0.65
Hybrid B 10 0.63 0.10 0.57-0.69
Hybrid C 22 0.66 0.11 0.61-0.71
Transcribed A 16 0.68 0.08 0.64-0.72
Transcribed B 25 0.72 0.09 0.68-0.76
Transcribed C 30 0.76 0.10 0.72-0.80

Influence of L2 Writing and Technical Language
A key finding of this study is the measurable
influence of L2 English characteristics on Al detection

outcomes, as reflected in the distribution patterns and
statistical summaries. Handwritten categories (A-D)
exhibited lower mean detection scores ranging from 0.41
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to 0.50, with wider variability (standard deviation up to
0.10) and broader 95% confidence intervals (e.g., 0.36-
0.56). These patterns indicate unstable classification
behavior, which is consistent with the presence of
simplified grammatical structures, reduced lexical
diversity, and repetitive phrasing commonly observed
in L2 writing.

In contrast, typed and transcribed texts demonstrate
a systematic shift toward higher detection scores, with
typed categories ranging from 0.52 to 0.58, and
transcribed categories reaching 0.68 to 0.76. This
progression reflects increasing structural
standardization and reduced noise, which enhances the
detectability of Al-like patterns. However, technical
language introduces an additional confounding factor.
The use of domain-specific terminology and formulaic
expressions in electrical engineering writing reduces
linguistic variability, resulting in tighter distributions
(e.g., standard deviation ~0.06-0.08 in typed texts) and
increased  similarity to Al-generated outputs.

Volume 12, Issue 4, 392-402

Consequently, hybrid writing categories, which
combine human input with Al-assisted refinement,
exhibit overlapping distributions with mean values
between 0.60 and 0.66 and wider percentile ranges,
indicating the highest classification uncertainty.

Charging System and Grid Impact

The findings of this study have important
implications for the implementation of AI detection
systems in higher education, particularly in technical
disciplines. While Al detection tools provide valuable
support for maintaining academic integrity, their
reliability is not uniform across different writing
modalities and contexts. The reduced performance
observed in handwritten and hybrid texts suggests that
detection systems should not be used as standalone
decision-making tools, but rather as complementary
instruments within a broader assessment framework
(Cotton et al., 2023).

(a) Handwritten (b) Typed
Low 41 0.57 0.61 0.49 0.55 Low 4 0.61
Medium {0.67 0.67 0.44 0.46 Medium
High{0.42 0.53 0.41 0.54 High
Very High{0.59 0.48 0.6 0.58 Very High
. \ e NN e
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Figure 4. Heatmap representation of Al detection performance across handwritten, typed, hybrid, and transcribed writing
modalities, illustrating variations in accuracy, precision, recall, and Fl-score across different levels, highlighting modality-

dependent detection consistency and classification reliability

From an educational perspective, the results
emphasize the importance of designing assessment

strategies that account for both human and Al-assisted
writing practices. Instead of focusing solely on detection,
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educators may need to shift toward evaluating writing
processes, critical ~ thinking, and  conceptual
understanding (Dwivedi et al., 2023; Rudolph et al,,
2023). Finally, t is study highlights the need for future
research to develop more robust and context-aware Al
detection systems. Incorporating domain-specific
datasets, L2 writing characteristics, and multimodal
inputs such as handwriting could significantly improve
detection accuracy and fairness.

Implications for Al Detection in Engineering Education

The heatmap analysis provides further quantitative
evidence of variability in Al detection performance
across writing modalities. As shown in Figure X(d),
transcribed texts consistently achieve the highest

Volume 12, Issue 4, 392-402

detection scores, with accuracy and recall values
reaching approximately 0.85-0.89 in high and very high
categories. Typed texts also demonstrate relatively
strong performance, with precision values exceeding
0.80 and stable F1-scores across all levels.

In contrast, handwritten texts exhibit lower and
more inconsistent detection performance, with accuracy
values ranging between 0.42 and 0.67 and recall
dropping below 0.45 in several cases. Hybrid writing
presents intermediate behavior, but with noticeable
instability, as reflected in fluctuating precision and recall
values within the 0.58-0.76 range. These results confirm
that detection reliability is strongly influenced by
writing modality and data transformation processes.
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Figure 5. Multi-panel analysis of Al detection response across eight writing scenarios (handwritten, typed, hybrid, and
transcribed), showing nonlinear relationships between detection score and system behavior with fitted models, confidence
intervals, and observed data variability, highlighting modality-dependent patterns and classification uncertainty

From an educational standpoint, these findings
highlight critical limitations in the application of Al
detection systems within engineering contexts. The
substantial performance gap between handwritten and
transcribed texts suggests that pre-processing steps,
such as digitization and standardization, significantly
affect detection outcomes, independent of actual
authorship. This introduces a potential bias in
evaluation, where students submitting handwritten
work may be systematically disadvantaged due to lower
detection confidence.

Furthermore, the relatively high scores observed in
transcribed and typed texts indicate that structurally
consistent and technically formatted writing may be

more likely to be classified as Al-generated, particularly
in L2 contexts where linguistic variability is reduced.
These observations underscore the importance of
adopting a more holistic and context-aware approach to
academic assessment. Rather than relying solely on
detection scores, educators should incorporate
additional indicators such as writing process evaluation,
revision history, and conceptual understanding.

The integration of statistical thresholds, including
confidence intervals and modality-specific baselines,
may help reduce false positive classifications and
improve fairness. Moreover, the results emphasize the
need for future AI detection models to incorporate
domain-specific =~ datasets and L2  linguistic
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characteristics. In engineering education, where
technical language and structured expression are
essential, such adaptations are crucial to ensure that
detection systems remain both accurate and equitable in
academic environments.

Conclusion

This study presents a comprehensive framework for
evaluating Al-based detection of handwritten and
technical English writing in electrical engineering
students, emphasizing the impact of writing modality,
L2 characteristics, and technical language. The results
demonstrate that detection performance is strongly
modality-dependent, with accuracy ranging from 0.72 to
0.89 and mean detection scores increasing from
handwritten (0.41-0.50) to transcribed texts (0.68-0.76).
Typed and transcribed texts show higher stability with
lower variability (std ~ 0.06-0.08), while handwritten
and hybrid texts exhibit greater uncertainty, with
standard deviation reaching 0.10-0.11 and broader
confidence intervals. Heatmap and distribution analyses
confirm that detection reliability improves with text
standardization but introduces bias, particularly in L2
and technical writing contexts. Hybrid writing presents
the greatest challenge due to overlapping linguistic
signals and inconsistent classification boundaries. These
findings indicate that current Al detection systems are
sensitive to preprocessing, transformation, and domain-
specific language, limiting their reliability as standalone
assessment tools. Therefore, future research should
focus on developing domain-adaptive and multimodal
detection models that incorporate handwriting,
technical to ensure accurate, fair, and evaluation in
engineering education.
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