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Abstract

Artificial-intelligence tools for reading ancient Egyptian hieroglyphic texts are
advancing rapidly, but how Egyptologists actually experience such tools in schol-
arly practice has not been studied. This paper reports an observational pilot
feasibility study of AI-assisted hieroglyphic reading with PyThoth, a human-in-
the-loop assistant covering sign recognition, transliteration, and translation. Nine
participants - undergraduate Egyptology students and professional researchers
- read fragments of the Middle Kingdom stela BM EA567 in AI-assisted
and unaided conditions; task records were combined with adapted workload
(NASA-TLX), usability (SUS/UMUX-Lite), and technology-acceptance (TAM)
instruments and qualitative feedback. AI assistance was associated with attempts
being carried to completion rather than with more accurate work where par-
ticipants were working. Perceived workload, usability, and acceptance shifted
in participant-specific, bidirectional ways, descriptively aligned with the gap
between pre-task expectation and direct experience; perceived usefulness and
perceived ease of use diverged. The paper reports protocol-level findings for the
design of future studies of AI-assisted philological work, in which partial and
distributed participation should be anticipated rather than treated as attrition.

Keywords: Egyptology, hieroglyphic texts, digital humanities, human-AI interaction,
technology acceptance, usability, feasibility study
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1 Introduction

Recent advances in computer vision and natural language processing have produced
increasingly sophisticated approaches to optical character recognition (OCR), which
can now be applied to recognition, transliteration, and machine translation of hiero-
glyphic inscriptions (Golyadkin et al. 2025a). Ancient Egyptian hieroglyphic script
presents unique challenges for automatic computer analysis: multidirectional read-
ing, sign and spelling variants, damaged surfaces, and a writing system that encodes
both phonetic and semantic information through a working repertoire on the order of
a thousand sign forms.1 Recent neural network approaches have achieved promising
results on isolated tasks, namely sign classification (Franken and van Gemert 2013;
Barucci et al. 2021), sequence-to-sequence transliteration, and token-level translation
(De Cao et al. 2024), but the question of how such systems perform when integrated
into authentic scholarly practice has not been studied yet. More critically, the episte-
mological implications of delegating portions of the interpretive process to algorithmic
assistants remain under-theorized. This risk is not merely hypothetical: in a large field
experiment, professionals using AI on a task deliberately designed to fall outside its
“jagged frontier” were 19 percentage points less likely to produce correct solutions;
in the same study, AI-supported participants produced recommendations that were
“more coherent and persuasive”, underscoring that AI “improves presentation and
argumentation even when the underlying analysis is flawed” (Dell’Acqua et al. 2023).
It is safe to say that fundamental questions about practical integration of technology
into research and pedagogical workflows remain largely unexamined, while empirical
evidence on how these tools affect the cognitive and interpretive work of Egyptologists
is scarce if present.

The gap between technological capability and disciplinary integration is par-
ticularly important in educational contexts. Hieroglyphic literacy develops through
intensive engagement with primary sources: learning to recognizes sign variants, parse
grammatical structures, and navigate the relationship between standardized translit-
eration and semantic interpretation. AI assistance may affect not only speed and
accuracy, but also how cognitive effort is distributed across these stages - namely,
how hard a student has to try in their efforts to transliterate, translate, and parse
a text. Whether AI-assisted workflows affect this developmental trajectory (by scaf-
folding learning or introducing dependencies inhibiting skill acquisition) is an open
empirical question with significant pedagogical implications. This matters especially in
educational settings, where repeated and sustained engagement with transliteration,
translation and parsing is how hieroglyphic literacy is formed.

Following Vygotskian theory concerning the Zones of Proximal Development (Eun
2019), learning should be most effective if it occurs in the gap between what the
student can do unaided and where extensive guidance is required: in an Egyptol-
ogy setting, this would be working with text that a student is generally capable of
handling by themselves, but with some limited assistance. Conventionally, such assis-
tance would come from a course instructor, but a complementary support might be
an AI tool assisting students in their independent work, before the eventual product
is submitted to an instructor for feedback. At the same time, the use of such an AI
tool might also help to reduce the overall workload of the student, allowing greater
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attention to be paid to more intricate points of epigraphy or harder grammatical con-
structions instead of lengthy but relatively simple parts of the text. In the present
study, this concept of workload is treated as an overarching interpretive dimension,
encompassing student performance, usability of the interface, time taken to complete
the task, and longer-term outcomes of adopting the technology (e.g. a change in the
student’s confidence level when working with Egyptian texts, or even a change in
attitude towards Egyptology more broadly).

The present study is based around an observational pilot of AI-assisted hiero-
glyphic text interpretation framed as a human-in-the-loop workflow rather than
as autonomous machine reading. In the AI-assisted condition, the system provides
sequential suggestions for sign recognition, transliteration, and translation, which par-
ticipants are expected to verify and correct at each stage. Importantly, it does not
seek to replace the Egyptologist (or student), who retains full operational control
of the final translation and can override any AI suggestions which contravene their
professional judgment. The study design reflects the practical reality of current Egyp-
tological AI tools: their scholarly value does not depend only on the quality of the
translations produced with their help, but also on how easy it is for scholars to inter-
act with them, how burdensome the process of making corrections is, and the extent
to which the eventual outputs meet established disciplinary expectations.

Accordingly, the present article examines the feasibility of such an experimental
protocol in a highly specialized humanities domain and explores how workload, usabil-
ity, acceptance, and qualitative experience interact when AI support is introduced
into Egyptian hieroglyphic reading. This is contrasted with control tasks carried out
using a conventional, AI-free approach.

Our research questions are:

• Feasibility and protocol effects: How does a manual (AI-free) reading protocol
compare to an AI-assisted one when tested in a small, distributed expert-domain
sample, and what sources of protocol-induced burden emerge?

• Workload and usability: How do perceived workload and usability differ with
and without AI assistance in the realized sample, and how do these experiences
pattern with text structure, interface design, and prior expectations?

• Acceptance and disciplinary fit: What patterns of technology acceptance,
professional hesitation, and pedagogical concern emerge when specialist readers
(Egyptology students and staff) integrate AI support into established interpretive
workflows?

This pilot study makes four contributions. First, it provides an exploratory obser-
vational comparison of manual and AI-assisted hieroglyphic reading workflows using
authentic Ancient Egyptian materials. Second, it combines task records with workload,
usability, acceptance, and qualitative feedback in order to examine AI integration as
a human-factors problem rather than merely as a model benchmark. Third, it offers
preliminary evidence that the perceived value of AI support is shaped not only by
the overall capability of the tool, but also by ease of use, precision of individual steps
within the workflow, and perhaps most significantly how its use is viewed by colleagues
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in the discipline. Fourth, it develops and tests an experimental procedure and ques-
tionnaire framework that can be refined for future studies of AI-assisted philological
work, both in Egyptology and beyond.

2 Methods

2.1 Study Design

We designed the study as a repeated-measures pilot with two conditions presented in
intended counterbalanced order (Figure 3): manual work with conventional scholarly
resources, and AI-assisted work using the same resources plus support from PyThoth,
a new tool for aiding hieroglyphic translation (see below). The design was originally
conceived as a within-subject comparison in which each participant would complete
at least one transliteration and translation in each condition.

In practice, however, implementation in a small and geographically dispersed
expert-domain population required a flexible hybrid format. For a variety of reasons,
ranging from time constraints to technological issues and ideological concerns about
AI use, not all participants completed every stage of every task. As a result, the data
presented here combines complete protocols, partial trajectories, repeated participa-
tion, and questionnaire-only or feedback-only cases. The study should therefore be
understood not as a fully standardized laboratory comparison, but as an observational
pilot feasibility study with exploratory human-factors analysis.

2.2 Participants

We initially reached and received consent from 16 potential participants drawn from
two populations: undergraduate Egyptology students and professional researchers
across a plethora of career stages (from early-career to Professor Emeritus). Of
these, eight unique participants completed the self-report questionnaire, with one
researcher completing it twice for two separate text pairs. Nine participants submit-
ted at least some task-form data, though with varying degrees of completeness2. Two
additional invited experts contributed written feedback outside the experimental pro-
tocol: one trialled the system without completing the study, while the other declined
participation on principled grounds regarding AI use in the discipline.

Participants’ self-reported hieroglyphic reading proficiency ranged from inter-
mediate to expert. Given the small and highly specialized population of active
hieroglyphic readers, participation was voluntary, uncompensated, and often dis-
tributed across multiple settings. These conditions resulted in a heterogeneous but
ecologically informative dataset characteristic of expert-domain pilot research. The
realized composition is reported in Section 2.6 and summarized in Table 1.

Two co-authors of the present paper also served as participants. To preserve exper-
imental naïveté, the text-selection procedure (Section 2.3) was structured so that
these co-authors contributed only metadata-based evaluation at Stages 1–2 and did
not read the candidate texts.

The study was approved by the authors’ institutional review board. All partici-
pants provided written informed consent.
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2.3 Text Selection

We selected experimental texts through a four-stage procedure designed to ensure
validity while preventing contamination from prior exposure. Since two Egyptolo-
gist co-authors also participated in the experiment, the procedure was structured so
that they could contribute domain expertise to selection criteria without reading the
candidate texts, thereby preserving experimental naïveté.

Stage 1: Construction of lists of potential candidate texts. We compiled a list
of 14 museum-held Middle Egyptian inscriptions from four collections (British
Museum, Metropolitan Museum, Louvre, The Royal Museums of Art and His-
tory) with: (a) high-quality online photographs, (b) reusable licenses permitting
academic reproduction (CC BY-NC-SA 4.0, Open Access, or equivalent), (c) dat-
ing and genre comparable to Advanced Middle Egyptian undergraduate coursework.
For each candidate text we recorded metadata: museum, inventory number, license
type, approximate dating, text type, text-to-image ratio, extent (lines/columns),
preservation score (0–10), and bibliographic references to published translations.

Stage 2: Metadata-based screening (blind to content). Egyptologist team mem-
bers evaluated the candidate texts using only metadata (period, text type, length,
preservation, publication history) to estimate difficulty level by analogy with familiar
curriculum texts. We explicitly excluded: (a) texts present in the training data of the
sign-recognition component (3 of 14 candidates; absence from that training set was
a selection criterion), (b) texts familiar to participating students or researchers from
their own recent work. This “blind” screening ensures that Egyptologist co-authors
remain eligible participants while guaranteeing tasks represent authentic yet novel
material.

Stage 3: Content profiling (non-Egyptologist review). For shortlisted objects, non-
Egyptologist team members used published translation (Lichtheim 1988) to perform
qualitative content characterization: identifying formulaic sections (h. tp-dj-nsw, adora-
tion formulae), narrative passages, long strings of titles, and their approximate extent
within each text. The goal was to locate optimal sub-passages of approximately five
lines with coherent thematic structure and appropriate phrase boundaries, avoiding
heavily formulaic opening sequences.

Stage 4: Final selection and segmentation. Combining ease of legal and digital
access, formal properties of the artefact, content profiling, and estimated difficulty of
the text, we selected British Museum Stela EA567 (CC BY-NC-SA 4.0, Middle King-
dom, ca. 1850 BCE, 27 lines, preservation 9/10). This text was additionally favoured
because an outline copy was available - a format more suitable for the current PyThoth
sign recognition pipeline. The text was divided into four consecutive fragments by a
volunteer student of the authors’ institution’s Egyptology program who did not par-
ticipate in the experiment. Text fragment boundaries were reviewed and adjusted by
non-Egyptologist co-authors to ensure balanced length and avoid splitting syntac-
tic units (the non-Egyptologist co-authors consulted already existing translations to
enable this). Fragments were grouped into two pairs for counterbalanced assignment:
Pair A (fragments 1 and 3) and Pair B (fragments 2 and 4).
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2.4 AI System: PyThoth

In the AI-assisted condition, we used PyThoth, an academic assistant for the study of
ancient Egyptian texts. It combines built-in reference materials (hieroglyphic palette)
with a deep learning pipeline supporting interactive model calls. PyThoth supports
close reading of the text and its digitization, enabling its further inclusion in text
corpora used for computational linguistics, information retrieval, and state-of-the-
art NLP methods. In prior work, the application was introduced in Golyadkin et al.
(2025c), and a formative study (Humonen et al. 2026) suggested that it may improve
the quality of transliterations and translations produced with its support. However,
little is known about how Egyptologists themselves experience working with such a
system in practice. In this paper, we address this gap.

PyThoth is organised as a web-based interface connected to a backend that gen-
erates model suggestions. It implements an OCR-transliteration-translation pipeline
that mirrors the manual workflow of Egyptologists working with texts. The division
of labor between the user and the system is intentionally structured around expert
oversight: rather than relying on a fully automatic end-to-end result, users can inspect
and refine intermediate outputs before invoking the next step of the pipeline. This
design reflects the current limitations of deep learning for hieroglyphic texts (Golyad-
kin et al. 2025b), where accumulated errors can substantially reduce the quality of
the final result.

The interface is designed to support both close reading of the source material and
the creation of structured digital output (Figure 1). Users can inspect the hieroglyphic
image, consult reference materials (hieroglyphic palette), manually enter or revise
signs, and invoke AI assistance at different stages of the workflow. The system also
supports manual lookup in a hieroglyph library and allows users to refine intermediate
results, helping them maintain control over the interpretation process while using the
tool for targeted support on difficult passages.

On the backend, PyThoth uses a multi-step pipeline that follows the conven-
tional scholarly workflow (Figure 2). First, an OCR module detects and recognizess
hieroglyphic signs and maps them to Gardiner codes. Next, a transliteration mod-
ule converts these codes into transliterated text, and a translation module produces
an English rendering. The OCR component follows the automatic text interpretation
pipeline introduced in Golyadkin et al. (2025a) and is trained on annotations from
the MuMMy dataset (Golyadkin et al. 2025b). The transliteration and translation
components are based on models trained on the TLA-derived dataset (Richter et al.
2018) described in Humonen et al. (2025).

2.5 Pilot Self-Report Measures and Qualitative Feedback

The study combined automatically logged task metrics with adapted self-report instru-
ments (provided in full as Supplementary Data S1) and open-ended feedback. Since the
sample was small, heterogeneous, and typical of expert-domain humanities research,
these measures were used descriptively rather than for local psychometric validation or
strong inferential claims. Their function in the present study was to characterise per-
ceived workload, usability, and acceptance profiles, to trace directional shifts between
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expectation and experience, and to triangulate numerical ratings with completion
patterns and qualitative comments.

2.5.1 Pre-experiment questionnaire

The pre-experiment questionnaire combined background variables with baseline
attitude measures. Background items recorded self-reported hieroglyphic reading
proficiency (1-5), frequency of work with hieroglyphic texts, prior familiarity with
OCR/AI tools for hieroglyphic reading, frequency of LLM use in research, primary
working device, preferred reference resources, and self-assessed translation speed.
Participants were also invited to provide a brief open expectation regarding AI
assistance.

In addition, the pre-experiment questionnaire included 5-point Likert items
adapted from Technology Acceptance Model (TAM) research (Ibrahim et al. 2025)
in order to capture initial participant expectations regarding perceived ease of use,
perceived usefulness, and subjective norm. These were supplemented with domain-
specific items on anticipated learning value, self-efficacy, and the perceived disciplinary
impact of AI-assisted hieroglyphic reading (Ueno et al. 2022; Li et al. 2024). In the
present pilot study, these items were used to establish baseline attitude profiles rather
than to estimate stable latent constructs.

2.5.2 Post-experiment questionnaires

Post-experiment self-reports combined workload assessment, interface evaluation,
post-experience acceptance measures, and open-ended feedback.

Perceived workload (NASA-TLX).

Perceived task load was assessed after each condition using an adapted integer-
response version of the NASA Task Load Index (NASA-TLX) (Devos et al. 2020;
Hutson et al. 2024), scored from 1 to 20 on six dimensions:

1. Mental demand
2. Physical demand
3. Temporal demand
4. Performance
5. Effort
6. Frustration

To reduce procedural burden, we used the unweighted Raw TLX variant. When
composite scores were calculated, the performance item was reverse-coded so that
higher values consistently indicated higher perceived workload. In view of the small
sample, NASA-TLX results were interpreted descriptively at both the global and
subscale level. In particular, the frustration subscale was treated as informative for
interface- and procedure-related burden in addition to task-related difficulty.
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Usability of the AI-assisted workflow.

Perceived usability was assessed only for the AI-assisted condition, since the manual
condition did not involve an experimental interface. This block combined:

1. a 2-item UMUX-Lite (Lewis et al. 2013) component (7-point response format),
targeting perceived capability fit and ease of use.

2. a 9-item all-positive SUS-type component (5-point response format) (Bangor et al.
2008; Lewis 2018b), targeting clarity, consistency, learnability, confidence, and
willingness to use the system.

Because these two components employed different response scales (Lewis 2018a),
they were analysed separately and normalised to a common 0–100 range only for
rough cross-measure comparison. Given the pilot character of the study, interpretation
focused on relative profiles, convergences with open-ended feedback, and broad pat-
terns of favourable, mixed, or unfavourable usability rather than on strict benchmark
classification.

Post-experience technology acceptance.

After task completion, participants completed a post-experiment acceptance block
using 5-point Likert items adapted from TAM constructs. These items assessed:

1. perceived usefulness,
2. perceived ease of use,
3. attitude toward use,
4. behavioural intention,
5. selected domain-specific perceptions of professional relevance and learning.

The post-experiment acceptance block was used in comparison with the pre-
experiment baseline in order to describe expectation-to-experience shifts in partici-
pants’ attitudes toward AI-assisted reading of ancient Egyptian hieroglyphic texts. In
the present study, these shifts were interpreted directionally (e.g., more positive, less
positive, mixed, or unchanged), not as evidence of stable population-level parameters.

Open-ended feedback.

All participants were invited to answer three open-ended questions:

1. Which aspects of the AI suggestions were most useful?
2. What hindered, confused, or slowed you down during the process?
3. What errors or failures did you notice in the AI output?

These responses were used to contextualize the numerical self-reports and to
identify sources of extraneous burden not fully captured by rating scales, includ-
ing interface friction, procedural complexity, and discipline-specific concerns about
reliance on AI.

2.6 Procedure: Planned Design and Actual Implementation

The experiment was originally designed as a structured cross-over protocol in which
each participant would complete at least two text fragments, one in the AI-assisted
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condition and one in the manual condition, using a shared participant ID across
the questionnaire, task submission form, and the PyThoth interface. For participants
willing to continue, the design also allowed completion of all four fragments in a rec-
ommended counterbalanced order. The initial materials therefore assumed a relatively
coherent session structure with pre-task instructions, task execution, intermediate
questionnaires after each condition, and a final post-experiment questionnaire.

In practice, however, the study had to be adapted to the realities of a small,
geographically dispersed expert population. Since participants were based in different
countries and often had limited availability, the experiment was conducted in a flexible
hybrid format combining an initial in-person session with subsequent remote and self-
paced participation. Only four students took part simultaneously in the on-site phase,
and even across an approximately 90-minute in-person session they completed only
one text each before later returning to the experiment individually. As a result, the
actual implementation diverged substantially from the original single-session plan.

Rather than constituting a uniform laboratory session, participation took the form
of distributed experimental engagement over variable time spans. Some participants
completed a single pair of texts, some completed additional fragments later, and only
two participants completed the full four-text protocol. The temporal structure of par-
ticipation also varied substantially: in the final dataset, intervals between submissions
ranged from minutes within a single sitting to delays of several days or even weeks
between fragments. Partial completion, non-completion, and qualitative-only partici-
pation were therefore treated not as mere data loss, but rather as part of the empirical
picture of how such a protocol functions in a specialized humanities domain and how
comprehensively (if at all) users respond to it.

For this reason, the study is best understood not as a strictly synchronized lab
experiment, but as a structured pilot with a common task design and common
instruments, implemented under participant-paced conditions. The original counter-
balancing logic remained in the design, but actual condition order was reconstructed
from submission timestamps and, where necessary, was treated analytically as an
observed rather than a fully enforced variable.

2.6.1 Task instructions

All participants received the same core instruction:
“Your task is to produce a transliteration and translation of the hieroglyphic text

passage shown in the image. Work as you normally would, using whatever resources
you find helpful. We are not expecting a perfect result. We are interested in your
working process. When you consider your work complete, submit the result through
the task form.”

In the AI-assisted condition, participants were additionally instructed to use
PyThoth across three stages (sign recognition, transliteration, and translation) and
to verify, correct, accept, or reject system suggestions at each stage. The instructional
materials specified that the same participant ID should be used throughout the ques-
tionnaire, response forms, and the PyThoth project workspace, so that data from
different components could later be matched.
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2.6.2 Data logging and protocol adaptation

Since participation frequently extended beyond a single observed session, the princi-
pal record of task progress was the timestamp structure of submitted forms rather
than researcher-side session logging. For each task-form entry we reconstructed par-
ticipant ID, text fragment number, experimental condition, submission timestamp,
relative ordering of conditions, and completion status (complete, partial, abandoned,
or qualitative feedback-only). Partial datasets were retained when they contained
interpretable task output, timestamp information, or qualitative feedback. In a small-
scale pilot with domain experts, incomplete trajectories are themselves informative
about the feasibility of the protocol and about the interaction and form burden it
imposes. They are therefore treated as findings in their own right, rather than as data
loss (see Section 3.1).

2.7 Measures and Data Analysis

The dataset combined timestamp-based task records, adapted self-report measures,
and qualitative feedback. Since participation often extended across multiple sittings,
task order and progression were reconstructed from timestamped submissions rather
than from continuous researcher observation. Partial datasets were retained when they
contained interpretable timing, task, or self-report information.

2.7.1 Measures

The current article reports the following measures:

1. Task timing and completion patterns: text fragment number, condition,
submission timestamp, and completion status (complete, partial, abandoned, or
qualitative-only), used to reconstruct task order, spacing between tasks, and
approximate completion times.

2. Perceived workload: Raw NASA-TLX ratings (1–20) for six dimensions (men-
tal demand, physical demand, temporal demand, performance, effort, frustration).
When composite scores were calculated, the performance item was reverse-coded.

3. Usability of the AI-assisted workflow: UMUX-Lite (2 items, 7-point scale)
and an all-positive SUS-type block (9 items, 5-point scale), administered only for
the AI-assisted condition. Since these components used different response formats,
they were analysed separately and normalised to a 0–100 range only for rough
comparison.

4. Technology acceptance: adapted pre-experiment and post-experiment TAM-
based items assessing perceived usefulness, perceived ease of use, attitude toward
use, behavioural intention, and related domain-specific perceptions.

5. Qualitative feedback: open-ended responses on useful aspects of AI support,
sources of hindrance or confusion, and perceived system errors.
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2.7.2 Metric calculation

Adapted Raw NASA-TLX (RTLX; unweighted, 1–20 anchors).

Six subscales rated on an integer scale of 1–20 (Mental Demand, Physical Demand,
Temporal Demand, Performance, Effort, Frustration). The Performance item was
reverse-coded (xrev = 21− x) to align directionality across items, so that higher val-
ues consistently indicate higher perceived workload. RTLX is the arithmetic mean of
the six reverse-aligned scores, bounded 1–20 (Devos et al. 2020; Hutson et al. 2024).
For within-subject comparison:

∆TLXi = RTLXAI,i − RTLXManual,i (1)

System Usability Scale (all-positive, 9-item).

Nine items rated on a 5-point Likert scale, all phrased positively. Following the all-
positive variant described by Lewis (2018a):

SUS9 =
100

4 · 9

9∑

i=1

(xi − 1), range [0, 100]. (2)

UMUX-Lite (regression-adjusted).

Two items rated on a 7-point Likert scale. The raw UMUX-Lite is computed as
UMUX = (x1 + x2 − 2) · (100/12), then adjusted to the SUS scale via the regression
formula of Lewis et al. (2013):

UMUXr = 0.65 · UMUX + 22.9, range [22.9, 87.9]. (3)

TAM-informed subscales (adapted, three items per construct).

Pre- and post-experiment TAM items were aggregated as the arithmetic mean within
subscale. Pre-TAM included Perceived Ease of Use (PEU, 3 items), Perceived Useful-
ness (PU, 3 items), and Subjective Norm (SN, 5 items). Post-TAM included PU (3
items), PEU (3 items), Attitude Toward Use (ATU, 2 items), and Behavioural Inten-
tion (BI, 3 items). All items used a 5-point Likert scale. Expectation-to-experience
shifts were computed as ∆PU = PUpost − PUpre and ∆PEU = PEUpost − PEUpre.

Since the usability block combined a 7-point component (UMUX-Lite) with a 5-
point component (SUS), the two were processed separately and reported on a common
0–100 scale only for rough comparison, following Lewis (2018b). Composite scores and
deltas were computed from full-precision means and rounded only for display.

Automatic metrics conventionally used for such pipelines - CER (Levenshtein
1966) for sign recognition, BLEU (Papineni et al. 2002), chrF++ (Popović 2017) and
BLEURT (Sellam et al. 2020) for translation - evaluate a system against a reference.
Our question is different: not how the system performs alone, but what the reader
does with it. Two properties of this material make the conventional metrics unsuit-
able here. They operate on surface strings and would score the two Egyptological
encoding conventions as substantive disagreement; and they presuppose a single ref-
erence, whereas the reference standard here shares its provenance with the model’s
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training data. We therefore normalise notation before comparison, use an independent
published translation (Lichtheim 1988) alongside the TLA standard, and compare
participants with one another as well as with the standard - a comparison that has no
counterpart in reference-based evaluation, and which is where the adoption of system
output becomes visible.

Transliteration responses were compared with the TLA standard after normali-
sation to a common consonantal skeleton: encoding system (Unicode vs Manuel de
Codage), morpheme and clitic boundaries, brackets, plural marking, digits and cap-
italisation were neutralised before comparison, as far as the two notations allow, so
that the measure reflects the reading rather than the notation. One residue of this is
worth stating explicitly, because it is a general property of scoring across translitera-
tion conventions rather than of this corpus: the two notations overlap in their Latin
characters - a capital T is both the capitalised form of t and the Manuel de Codage
code for t

¯
- so in a token written entirely in ASCII characters capitalisation cannot

be separated from phonemic value by automatic means. Transliteration agreement
is therefore reported under one specific reconciliation of the two systems; reasonable
alternative reconciliations shift the reported percentages slightly without altering the
direction of the contrast or the conclusions drawn from it. Sign identification is unaf-
fected, since sign values are resolved through the official JSesh correspondence table
rather than by letter case. Tokens were aligned by Needleman-Wunsch with a Leven-
shtein substitution cost and scored as exact matches; we report exact agreement only.
We do not report a graded “near-match” category: on the short consonantal skele-
tons typical of this material, small edit distances do not reliably distinguish a variant
spelling of one lexeme from a different lexeme (m and n, or wr and h. r, differ by one
character but are distinct words), and Gardiner sign identifiers are categorical, so
that string distance between them carries no interpretable meaning. Sign responses
were parsed to individual sign identifiers before comparison, including responses using
JSesh layout operators; sign values entered as phonetic Manuel de Codage codes - a
standard input convention in JSesh - were resolved to their canonical Gardiner identi-
fiers through the official JSesh correspondence table, so that the measure reflects sign
identification rather than input convention. Normalisation matters for comparabil-
ity rather than for scoring alone: two expert participants who agree on a substantial
majority of readings share only a small fraction of their raw strings, because they
write in different conventions.

3 Results

Results are reported at a descriptive and case-comparative level appropriate to a
pilot feasibility study. Since the realized body of data combines complete protocols,
partial trajectories, repeated participation, questionnaire-only cases, and external
expert feedback, the emphasis is placed on participation structure, perceived work-
load, usability, acceptance, and post-hoc task complexity rather than on inferential
comparison of task accuracy.
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3.1 Participation trajectories and completeness of the study

record

Table 1 summarizes the realized participation. Two participants (P11, P13) completed
all four fragments. Three (P2, P3, P4) completed a minimal pair of one AI and one
manual fragment. One (P12) completed the AI condition but abandoned the manual
one during the Gardiner coding stage. One (P1) completed the AI condition only.
One (P5) returned a full questionnaire without task submissions. Two additional sub-
mitters (T1, T2) contributed task data without linked questionnaires. Completion
was distributed and participant-paced: inter-submission intervals ranged from minutes
within a single sitting to several weeks.

Counterbalancing assignment was followed by five of seven numerically identified
participants. Two (P12, P13) completed conditions in the reverse order. P12 explic-
itly attributed motivational pressure to beginning with AI. P13’s reversal may reflect
a deliberate choice by a participant already familiar with the system. One form-level
error was corrected: P4 marked both entries “Fragment 2”. The AI-assisted entry cor-
responds to Fragment 1 on the basis of sign-sequence and translation content (Table 1,
footnote a).

3.2 Task timing and protocol-level burden

Task durations varied substantially across text fragments and participants (Supple-
mentary Table S2). Within Fragment 1 the Gardiner-coding stage dominated the
workflow (Mdn = 23.0min against 12.0 for transliteration), while its translation stage
was the fastest of any fragment (Mdn = 3.0min), reflecting its formulaic content.
Fragment 2 showed the inverse pattern: shorter text volume but a translation stage
more than twice as long (median 7.2 against 3.0 min). Fragment 4 yielded the highest
total per-submission time (median 77 min) across only two non-outlier observations.

One participant (P12) abandoned the manual condition during the Gardiner-
coding stage, explicitly reporting that this step was incompatible with their habitual
workflow. This case indicates that part of the experienced burden derived from the
procedural requirement to produce Gardiner codes, not from the text itself.

Taken together, the timing profile also carries a protocol-level reassurance: median
total times for Fragments 1-3 fall within a narrow band (39-41min per submission),
even though the mix of conditions differs across the three, so the reading tasks posed
a broadly comparable practical burden. The longer total for Fragment 4 (77 min)
rests on two unaided submissions and cannot be separated from condition. We treat
per-fragment times as a measure of protocol burden only; intrinsic text complexity is
assessed against a fixed corpus baseline in Section 3.6.

Within-subject workload comparisons were available for seven observations
(Table 2). The median ∆TLX of −0.83 and mean of −0.38 conceal strongly heteroge-
neous movement: two records showed sizeable reductions (∆TLX = −9.0 and −1.5),
while one showed a comparably large increase (∆TLX = +9.0). Directionally, four
of seven observations favoured the AI-assisted condition, two did not, and one was
essentially unchanged. The AI-assisted workflow therefore was not associated with a
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uniform workload reduction. Instead, within-session differences were heterogeneous
and participant-specific.

The two most extreme cases are informative. P12’s large reduction (−9.0) reflects
abandonment of the manual condition at the Gardiner-coding stage, suggesting that
the reduction measured workload against an interrupted baseline rather than against
a comparable manual translation. P3’s large increase (+9.0) indicates the opposite:
the AI-assisted condition added rather than reduced demand, consistent with this
participant’s later usability rating (SUS9 = 16.67). At least three components inter-
act in the observed pattern: text difficulty, procedure-related extraneous load, and
participant-specific interface familiarity.

3.3 Usability of the AI-assisted workflow

Usability scores for the AI-assisted workflow separated into two visibly distinct groups
(Table 3). Three of nine records formed a distinctly low group (P1, P3, P5; SUS9

= 16.7–22.2), while the remaining six clustered between 52 and 72. UMUXr values
showed a similar pattern, although with a narrower range imposed by the regres-
sion adjustment. Because SUS9 is a nine-item all-positive adaptation rather than
the canonical ten-item instrument, conventional SUS cutoffs and adjective ratings do
not transfer to it, and we intentionally refrain from classifying these scores against
published norms; the two-group structure within this sample is the observation. The
median SUS9 of 63.89 and UMUXr of 55.40 obscure this structure and should not be
read as a unimodal “moderate” rating.

Examining the two modes separately is more informative. The low-scoring partic-
ipants (P1, P3, P5) share no single demographic feature, and all three showed large
negative post-experience shifts (Section 3.5); two of the three (P1, P3) also entered
with high expectations (PUpre = 3.67 and 4.33), while P5’s expectations were mod-
erate (PUpre = 3.00) (Section 3.5). The higher-scoring participants include both the
naive users who converted upward (P12, P13) and the engaged expert (P11). This
dissociation is embodied in the written feedback of one expert (Expert A), who was
“impressed by the AI’s ability to detect signs” and found it “much easier to edit some-
thing than to transcribe from scratch”, while at the same time criticising the number
of interface steps required to correct a single misidentified sign. Praise for the system’s
capability and criticism of its interaction cost thus coexisted in the same respon-
dent’s qualitative feedback. Expert B declined participation on principled grounds,
articulating disciplinary concerns about AI-assisted reading. Favourable assessment of
the underlying model and dissatisfaction with the implemented interaction therefore
coexist in the present corpus.

3.4 Technology acceptance and attitude shift

Pre/post technology acceptance data were available for nine records, including two
post-task measurements for P13 (Table 4). The sample-level pattern is a divergence
between the two main TAM dimensions: mean PU was essentially unchanged (∆PU =
+0.04), while mean PEU declined (∆PEU = −0.44). Post-task ATU (M = 3.56)
and BI (M = 3.15) remained in the moderately positive range. Perceived usefulness
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and perceived ease of use are distinct dimensions rather than a single acceptance
construct (Ibrahim et al. 2025); that they diverge in response to concrete interaction
experience is a within-session pattern in our own repeated-measures data, for which
a cross-sectional adopter survey provides no comparison.

Aggregate means conceal substantial bidirectional movement: of the nine records,
five showed negative ∆PU and four positive, and the same five-to-four split holds
for ∆PEU - but two records (P2, P11) change sides between the two dimensions,
reproducing the sample-level usefulness/ease dissociation at the individual level. These
two side-changing shifts are also the smallest in the table (±0.33, a single item moving
one scale point). The direction of the shift does not correlate straightforwardly with
demographic variables but does align with the relation between pre-task expectation
and the implemented interface. We elaborate this pattern in Section 3.5.

Separating the two components of task performance is more informative than a
single accuracy figure (Figure 4). Every AI-assisted attempt was carried through all
three layers (twelve of twelve), whereas five of the nine unaided attempts were. Incom-
pleteness in the unaided condition was heterogeneous and layer-specific rather than a
uniform tendency to break off: one attempt left the transliteration at 36% coverage;
one supplied a near-complete transliteration but almost no sign layer; one completed
the sign and transliteration layers (100% and 98%) and broke off only in translation;
and one fell short across layers (53-55%). Once attempts carried through all layers
are compared, the coverage difference between conditions disappears: sign coverage
is 100.0% under AI assistance against 99.5% unaided, and transliteration coverage
96.5% against 97.5% - marginally higher unaided. Exact-match sign identification is
effectively indistinguishable between conditions among completed attempts (83.4%
under AI assistance against 85.1% unaided; cluster-bootstrap 95% CI for the difference
−8.5 to +3.6 percentage points), and the paired within-participant contrast likewise
includes zero (−3.8 pp, 95% CI −33.6 to +26.0); the unaided side of this comparison
rests on five completed attempts from three participants, four of them contributed by
the two co-author participants (Figures 5 and 6). Exact-match transliteration agree-
ment remains higher under AI assistance among completed attempts (60.2% against
43.2%), but this is the layer most directly exposed to agreement with the edito-
rial conventions on which the system was trained (see Limitations). AI assistance in
this corpus is therefore associated with attempts being carried to completion rather
than with demonstrably more accurate work where participants were working; given
that participation was voluntary and uncompensated, we report this as an observed
association and not as an effect of the tool.

The degree to which participants’ responses converge on a common source can
be read directly from the task record (Figure 7). In the AI-assisted condition, pairs
of participants working on the same fragment share runs of up to 28 consecutive
identical transliteration tokens - including spacing, plural marking and diacritics -
and up to 44 consecutive identical words of translation; in the unaided condition
the longest shared runs are 6 tokens and 5 words respectively. Four of the six AI-
assisted participants on Fragment 1 open their translation with the same sentence
carrying the same typographical error (togehter), which is unlikely to have arisen
independently. In the transliteration layer, four of the six - an overlapping but not
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identical set - segment one word into two (sd
¯
m rendered as sd m), whereas the single

unaided participant on the same fragment renders it as one word. Such convergence is
not uniform: one participant produced a transliteration and translation that share no
such runs, and one expert participant re-encoded his responses in his own notational
convention throughout. Because the system’s output was not itself recorded, these
observations establish that the responses share a common textual source, consistent
with adoption of the system’s output, but they do not license claims about what the
system proposed on any given trial or about whether a given participant inspected it.

An unanticipated observation concerns notation itself. Egyptological translitera-
tion admits several encoding conventions; the TLA-derived models underlying the
system emit Unicode transliteration, whereas participants working unaided used
Manuel de Codage. In this corpus the proportion of Unicode-encoded tokens was zero
in all nine unaided attempts, and ranged from 40% to 55% in ten of twelve AI-assisted
attempts; the two exceptions are both attempts by a single expert participant who
normalised his responses into his own convention. Where the same participant worked
in both conditions, the shift is categorical rather than gradual (from pure Manuel de
Codage unaided to 43-50% Unicode when assisted, in six of seven cases). Two further
markers - uppercase plural marking and the inverted-breve diacritic - pattern with the
Unicode rate rather than independently of it, as expected if all three are features of a
single inherited notation. We report this as a descriptive property of the present cor-
pus and not as a validated indicator of AI use: the threshold was chosen and evaluated
on the same twenty-one attempts, fragment identity alone already classifies eighteen
of them, and there are no within-participant comparisons holding fragment constant.
Whether a notational trace of this kind generalises to other texts, participants and
versions of the tool is an open question.

3.5 Exploratory trajectory profiles

The aggregate TAM summary (Section 3.4) conceals a heterogeneous pattern of
individual movement. To characterise this heterogeneity, we examined per-record
trajectories (nine records from eight respondents) of Perceived Ease of Use (PEU)
and Perceived Usefulness (PU) between the pre- and post-experiment measurements
(Table 4), jointly with demographic and prior-use variables from the background
questionnaire and with the within-subject workload and usability indices (Tables 2,
3). Three broadly distinct profiles emerge. We describe them as within-session
expectation-experience trajectories specific to this sample; they are not the adopter
categories of diffusion research, which classify populations over calendar time (Ibrahim
et al. 2025), and a sample of nine records from eight respondents could not support
such classification.

Profile A: high prior expectations followed by disappointment

Three undergraduate participants (P1, P3, P4: self-reported proficiency 3-4/5, prior
LLM use “sometimes” to “frequently”) entered the study with high pre-task expecta-
tions (PUpre = 4.33 for two of the three and 3.67 for P1, PEUpre= 3.33-4.00). All three
showed pronounced negative shifts in PEU (∆PEU = −1.33 to −2.33) and negative
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shifts in PU (∆PU = −0.67 to −1.00). Their usability ratings fell in the low-to-middle
range (SUS9 = 16.67-52.78). This pattern suggests that their baseline familiarity with
conversational-AI tools might have set up an expectation the PyThoth interface did
not meet: direct manipulation, Gardiner-code disambiguation, and multi-stage con-
firmation introduced interaction costs unfamiliar from their habitual LLM use. The
term “experimentation phase” is borrowed descriptively from Ibrahim et al. (2025),
who use it for initial enthusiasm revised on direct interaction; we do not map these
participants onto adopter categories, which a within-session design cannot support.

Profile B: low prior expectations followed by upward revision

Two participants, P12 (no prior AI familiarity, never uses LLMs) and P13 (senior
researcher, “has heard of” AI, never uses LLMs), entered with markedly lower or
equivocal baseline expectations (PEUpre = 1.00 for P13 round 1, = 3.00 for P12 and
P13 round 2, PUpre = 3.00-3.33). Both showed the largest positive shifts in the sample
(∆PU up to +2.00, ∆PEU up to +1.67) and the highest usability ratings (SUS9

= 63.89-72.22, UMUXr up to 77.07). Notably, P12 produced these scores despite
abandoning the manual condition partway through, indicating that the positive shift
was attached to the AI-assisted workflow specifically, not to the experimental protocol
overall. For both, the upward revision followed direct, task-embedded contact with the
tool; we describe this as a within-session trajectory and do not map it onto adopter
categories.

Profile C: calibrated expectations, stable engagement

One participant (P11, senior researcher, has tried AI previously, frequent LLM user)
exhibited the most stable trajectory: moderate pre-task expectations (PEUpre = 3.67,
PUpre = 3.00) and near-zero post-experience shifts (∆PEU = +0.33, ∆PU = −0.33).
P11 was also the only participant to complete the full four-fragment protocol in a
single session (approximately 1.5 h), with RTLXAI = 10.5 and SUS9 = 63.89. The
combination of calibrated expectations, low extraneous load from the experimental
framework, and sustained engagement made this the most stable trajectory in the
sample. This stability, however, admits a narrower reading: P11 is a participant co-
author who designed much of the protocol and had used the tool in earlier teaching
projects, so the familiarity at work here extends beyond general AI experience (P11
reported both prior trial of AI-based tools for hieroglyphic work and frequent LLM
use, the only such combination in the sample) to this specific instrument and task
format. The calibrated-expectations pattern should therefore not be generalised from
a single insider case.

A boundary case sets off what “calibrated” does and does not mean here: P2
reached a similar near-zero net shift from a high prior (PUpre = 4.33, PEUpre = 4.00,
the level of Profile A), through the usefulness/ease dissociation that characterises the
sample-level means, and with selective effort in the unaided condition (the Gardiner
stage was passed over in three minutes at 4% sign coverage, while transliteration
and translation were carried through). Stability of outcome is not calibration of
expectations; we treat P2 as the boundary of this profile rather than a member.

17



Non-completion after engagement

One senior researcher (P5) fits none of the three profiles above. P5 submitted no task-
form data, returned free-text NASA-TLX responses instead of numeric ratings, and
returned the lowest usability profile in the sample (SUS9 = 16.67, tied with P3, and
the lowest UMUXr = 39.15) with uniformly negative TAM shifts (∆PEU = −2.00,
∆PU = −1.67, post-task PUpost = 1.33). P5 is better understood not as resistance to
the technology but as a distinct mode of exit, which we interpret as a digital-workflow
threshold: P5 reports having engaged with the system and carried out the work, yet
no task-form data were submitted, and the NASA-TLX block was returned as free
text rather than in the required format. The attribution to the workflow is our reading
of this mismatch between reported engagement and received records, not P5’s own
account. This is distinct from the principled disciplinary objection expressed in the
written expert feedback (Section 3.7), which came from a different contributor. Non-
completion in this small sample in fact took several distinct forms - principled refusal,
engagement outside the protocol, a hardware-access barrier, and a digital-workflow
threshold - and we treat it as part of the feasibility finding rather than as simple
attrition.

Interpretation

Taken together, these profiles suggest that in a specialist humanities context, neither
age nor professional seniority straightforwardly predicts AI acceptance trajectory. As
a post-hoc interpretive hypothesis, post-experience attitude in the present corpus
patterns with the gap between pre-task expectation and direct experience: participants
with calibrated or low baseline expectations moved upward, while those with high
expectations drawn from general-purpose conversational AI moved downward. Part of
this pattern is expected on arithmetical grounds alone - a change score is negatively
coupled to its own baseline, and in these nine records baseline expectation correlates
strongly with the shift (r = −.59) but only weakly with the post-experience level
itself (r = −.11) - so the gap is a descriptive organising device, subject to regression
to the mean, rather than a discriminating variable. This expectation–experience gap
is a within-session pattern observed directly in our repeated-measures data, rather
than the population-level dynamic of a cross-sectional adopter survey (Ibrahim et al.
2025). It also reinforces the usefulness/ease-of-use divergence reported in the main
TAM analysis (Section 3.4): participants who converted upward did so primarily on
the PU axis, while those who disengaged did so primarily on the PEU axis.

Because the sample is small, heterogeneous in role, and includes two co-author
participants, these profiles are offered as hypotheses for future, better-powered work
rather than as established findings. The trajectory analysis nonetheless indicates that
a scale-up of this protocol should stratify recruitment by prior AI experience and
collect personality or AI-mindset measures, as integrated in the extended TAM of
Ibrahim et al. (2025), to allow proper cluster-level modelling.
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3.6 Post-hoc estimation of task complexity

To characterise the intrinsic complexity of the four passages independently of the
experiment, we scored each fragment against a fixed, reproducible corpus baseline
rather than against participants’ behaviour: the versioned TLA corpus of Earlier
Egyptian (v18; 12,773 clauses), in which 93% of the stela’s lemma types are attested.
Each fragment was profiled on orthographic density (Gardiner signs per lexical word),
lexical rarity (share of content lemmas with corpus frequency ≤ 3, computed over
normalised lemma names), orthographic irregularity (variant or erroneous spellings
flagged in the edition), and syntactic embedding (subordinate verb forms per finite
verb). Supplementary Table S3 reports the profile.

The four passages differ along axes that no single dimension orders together. The
two formulaic passages (Fragments 1 and 2) sit near the middle of the corpus frequency
distribution (50th and 61st percentile of mean clause lemma frequency), whereas the
two biographical passages fall lower (33rd and 37th). Fragment 3 is the hardest lex-
ically and orthographically dense: 21% of its content lemmas are rare and two are
absent from the corpus altogether (e.g. hmhm.t, “war cry”). Fragment 4 combines com-
paratively common vocabulary with the deepest syntactic embedding (4.0 subordinate
forms per finite verb). Fragment 1 is orthographically the least regular but syntacti-
cally the simplest; Fragment 2 is the most name-dense, a litany of priestly titles and
festival names that a novice must decode sign by sign but an experienced reader recog-
nises as familiar units. Because the load imposed by a passage depends on the reader’s
existing schemata, the same fragment can be differentially demanding across partici-
pants - an instance of the expertise reversal effect, in which the value of support and the
burden of complexity are relative to the reader’s level rather than absolute (Kalyuga
et al. 2003; Kalyuga 2007). Reading, on this evidence, is not one difficulty but sev-
eral - sign decoding, lexical retrieval, and syntactic parsing vary independently across
the fragments and are differently supported by an OCR-transliteration-translation
pipeline - which provides a textual basis for the heterogeneous, task-dependent effect
of AI assistance observed above. Completion times cannot serve this purpose in the
present design: fragment and condition were confounded (Fragment 3 was attempted
only with AI assistance, Fragment 4 only unaided), and time normalised by attempted
volume conflates difficulty with completion.

3.7 Expert written feedback outside the experimental protocol

Two invited experts contributed written responses without completing the experi-
mental protocol. Expert A engaged with PyThoth for approximately one hour and
returned detailed observations: strong positive impressions of sign recognition, cou-
pled with criticism of the number of interface steps needed to correct a single sign, and
one case in which translation output appeared correct despite incorrect intermediate
Gardiner codes. Expert A’s observation - a correct translation despite an uncorrected
sign misidentification (the string left as I9-S29-D21-D36 for d

¯
sr) - is instructive rather

than anomalous. It suggests that partial graphemic information, combined with the
strong textual priors of a formulaic passage, can be sufficient for the system to recover
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a known translation without a correct intermediate analysis. This is the central epis-
temic risk of the workflow: a fluent, confident output can mask an incorrect path
to it - the same presentation-accuracy gap documented at scale by Dell’Acqua et al.
(2023), whose AI-supported participants produced recommendations that were “more
coherent and persuasive” even where the underlying analysis was flawed.

Expert B declined the experimental protocol on principled grounds, articulating
concerns that systematic AI assistance risks undermining the formation of hieroglyphic
reading competence in students through progressive exposure to primary sources, and
even strongly implying that this could have long-term detrimental implications for
the survival of professional Egyptologists as a distinct occupation.

These responses are not included in the quantitative analysis. They are reported
here because they sharpen interpretation of the usability and acceptance data:
favourable assessment of model capability can coexist with dissatisfaction with inter-
face design (Expert A), and disciplinary concern about AI-assisted reading is not
captured by instruments designed to measure acceptance of an already-adopted tool
(Expert B).

4 Discussion

Two substantive patterns emerge from the pilot. First, AI assistance was not asso-
ciated with a uniform workload reduction or a uniform acceptance shift. Workload
changes under PyThoth were bidirectional (Table 2). Usability ratings were sharply
divided (Table 3). TAM trajectories ranged from large upward conversions to large
disappointments (Section 3.5). The pattern most consistent with these observations is
that AI assistance interacts with three factors simultaneously: intrinsic text complex-
ity, interface-related extraneous load, and the match between a participant’s pre-task
expectation and the implemented interaction. These three factors are not independent
but appear to be organised by the participant’s position on a competence trajectory
from student to professional. The expertise reversal effect predicts that support which
scaffolds a novice reader becomes redundant - adding extraneous rather than germane
load - for a reader who already holds the relevant sign schemata (Kalyuga et al. 2003;
Kalyuga 2007), which would link our complexity analysis (Section 3.6) to our tra-
jectory profiles (Section 3.5). Our data bear on this only weakly and unevenly. The
one participant who re-encoded the assisted output into his own notational conven-
tion throughout is also the most experienced; but convergence on a common source
is not otherwise ordered by experience - a second co-author of comparable standing
reproduced the shared opening sentence together with its typographical error, and
the participant whose responses diverge most from the shared text is not among the
most senior. We therefore advance the trajectory reading as an interpretive hypoth-
esis rather than a finding: the comparison was identified after inspecting the data,
participants worked on different fragments, and two of the relevant participants are
co-authors of this study.

Read in this light, Expert B’s principled refusal is best understood not as an empir-
ical objection to the tool but as a signal on the axis of disciplinary acceptance and
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legitimacy: the concern is that assistance of this kind targets precisely the compe-
tences students must acquire for themselves. The concern identifies a real pedagogical
boundary, yet it is answerable within the same framework that motivates our design.
The expertise-reversal literature prescribes not the removal of support but its dynamic
tailoring and fading as competence grows (Kalyuga 2007); and the zone-of-proximal-
development framing requires that scaffolding be withdrawn so that the developing
function is ultimately performed independently (Eun 2019). The risk Expert B iden-
tifies is therefore not AI-assisted reading as such, but a design that fixes support at a
novice level instead of fading it.

Second, the usefulness/ease-of-use dissociation in the TAM data is substantively
important for a research tool. Perceived usefulness remained stable on average, while
perceived ease of use declined. On the individual level, the participants who converted
upward did so mainly on the PU axis, while those who disengaged did so on the PEU
axis. This configuration suggests that intellectual value and interaction cost can be
evaluated independently: for PyThoth specifically, this means that improvements to
the interaction layer (Gardiner-code disambiguation flow, correction affordances, step
granularity) should be distinguished from improvements to the underlying model.

The feasibility of the protocol itself is a methodological result: in a small,
internationally dispersed expert population, partial completion, delayed returns,
and qualitative-only engagement are not exceptional but recurrent, and should be
anticipated in the design of future studies rather than treated as attrition.

4.1 Limitations

Several limitations constrain the analyses reported above. First, the unit of obser-
vation is smaller than the number of attempts suggests: twenty-one attempts were
contributed by nine participants with analysable outcomes, and attempts by the same
participant, and pairs formed from them, are not independent observations. Two of
the nine were co-authors of this study and were not blind to its hypotheses; four of
the five completed unaided attempts were theirs, so that excluding co-authors leaves
a single completed unaided attempt by one participant. On the self-report side, the
nine questionnaire records come from eight respondents (one expert completed the
instrument twice, for two successive fragment pairs), and one record reflects engage-
ment with the system without any task-form submission; sample-level questionnaire
means therefore weight one participant twice and are reported for records, not per-
sons. Self-reported completion-time fields were incomplete and are not used; all timing
analyses draw on the task log, with twenty-one submitted attempts, all of which enter
the primary valid stratum: the single attempt logged against the wrong fragment was
reassigned to the fragment its content matches (Table 1, footnote a), and this correc-
tion is applied consistently across all analyses. Second, the AI-assisted attempts are
not independent of one another: several attempts on the same fragment share long
verbatim runs, so the effective number of independent observations in that condition
is substantially smaller than the number of attempts. Third, condition is confounded
with fragment and with participant: two of the four fragments were attempted in a
single condition only, no participant attempted the same fragment in both conditions,
and assignment was not randomised. Fourth, the stela used here was excluded from the
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training data of the sign-recognition component by design: absence from that train-
ing set was one of the criteria applied when candidate texts were selected, before any
participant saw them. The transliteration and translation components, however, were
trained on an aggregated TLA-derived dataset that does not preserve text-level prove-
nance; text-level holdout therefore cannot be verified for those components in either
direction. Independently of this, agreement with the TLA standard partly measures
agreement with the editorial conventions on which those components were trained,
and is not a neutral criterion across conditions. Fifth, the translation layer is com-
pared here only by surface overlap with two reference translations, which penalises
correct paraphrase and cannot speak to semantic adequacy; one unaided response was
written in a language other than English and is not comparable on this measure at all.
Finally, our use of the expertise reversal effect is interpretive: expertise here is indexed
by professional trajectory and self-report, whereas the effect is defined over experi-
mentally measured schema formation and element interactivity, neither of which we
measured (Kalyuga et al. 2003). For these reasons all comparisons between conditions
are reported as descriptive and case-comparative; no inferential or causal compari-
son of conditions is claimed, and the study is best read as establishing feasibility and
generating hypotheses for a balanced randomised design.

5 Conclusion

Three conclusions follow from the pilot. AI assistance in specialist hieroglyphic reading
is not a single-valued variable. Its effect varied with text complexity, interface cost, and
pre-task expectation in ways this design cannot disentangle. Perceived usefulness and
perceived ease of use should be measured and reported separately in this domain, since
they respond differently to direct interaction with a tool such as PyThoth. Finally,
experimental protocols for computational Egyptology should be designed from the
outset to accommodate distributed, participant-paced completion rather than treating
such patterns as attrition.
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Fig. 1: PyThoth interface for AI-assisted study of Egyptian hieroglyphic texts. The
system supports automatic text recognition, transliteration, and translation, as well
as user refinement of intermediate results and manual lookup in a hieroglyph library,
helping improve the final output. The source of the hieroglyphic image is The British
Museum (n.d.).
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Fig. 2: Mirroring the human workflow, PyThoth maps an image of hieroglyphic text to
an English translation. In the experiment, participants were likewise asked to produce
these three results in the same order. The hieroglyphic text image, its transliteration,
and its translation are taken from The British Museum (n.d.), Richter et al. (2024),
and Lichtheim (1988), respectively.
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Fig. 3: Experimental design and realized participation. Four fragments of the stela BM EA567 were read under two conditions
- unaided, using conventional scholarly resources, and AI-assisted, using the same resources together with PyThoth. Each
participant received a pair of fragments, one per condition, in a counterbalanced order, and produced three results in a fixed
sequence: Gardiner sign codes, transliteration, and translation. Twenty-one attempts were realized by nine participants (twelve
AI-assisted, nine unaided); seven of the nine task participants also returned questionnaires; one further questionnaire-only
participant brings the total to eight respondents and nine questionnaire records, as one respondent completed two sessions. Two
of the nine are co-authors. The fragment-by-condition matrix shows that condition is not separable from fragment: Fragment 3
was attempted only with AI assistance and Fragment 4 only unaided, and the two remaining fragments are strongly unbalanced
across conditions. Comparisons between conditions are therefore reported descriptively throughout.
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Table 1: Participation matrix. Dataset composition across questionnaire, task submission, and
qualitative contribution modes. Asterisk (*) indicates co-author participants whose dual role
is discussed in Section 2.2. “AI/M” denotes AI-assisted and manual conditions respectively.

ID Role Task Fragments Total Complete 4-text Self- NASA-TLX

AI Manual N Pair Protocol Report Pairs

P1 BA student 1 — 1 — — ✓ AI only
P2 BA student 1 2 2 ✓ — ✓ ✓

P3 BA student 1, 3 2 3 ✓ — ✓ ✓

P4 BA student 1a 2 2 ✓ — ✓ ✓

P5 Senior res. — — 0 — — ✓b invalid
P11* Senior res. 1, 3 2, 4 4 ✓ ✓ ✓ ✓

P12 BA student 1 2c 2 partial — ✓ ✓

P13* Senior res. 2, 3 1, 4 4 ✓ ✓ ✓(×2) ×2

T1 Student 2 4 2 ✓ — — —
T2 Student 3 — 1 — — — —

E1 Expert (letter) — — 0 — — written feedback —
E2 Expert (letter) — — 0 — — written feedback —

aFragment number corrected from form-submitted “Fragment 2” to Fragment 1 on the basis of sign-sequence and
translation content (ritual passage). bNASA-TLX ratings submitted as free-text commentary rather than numeric
values, treated as qualitative data. cManual condition abandoned during the Gardiner-coding stage. Transliteration
incomplete, translation invalid.
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Table 2: Perceived workload (adapted Raw NASA-TLX, scale 1–20) by participant
and condition. ∆TLX < 0 indicates lower perceived workload in the AI-assisted con-
dition. “Observed order” refers to the actual sequence of conditions reconstructed from
submission timestamps. Two participants (P12, P13) reversed the prescribed counter-
balancing assignment.

ID RTLX Manual RTLX AI ∆TLX Observed order

P2 8.83 8.00 −0.83 Manual first
P3 4.83 13.83 +9.00 AI first
P4 15.00 13.67 −1.33 Manual first
P11* 9.00 10.50 +1.50 AI first
P12 14.33 5.33 −9.00 AI first (reversed)
P13*(r1) 16.17 15.67 −0.50 Manual first (reversed)
P13*(r2) 13.83 12.33 −1.50 Manual first

Median 13.83 12.33 −0.83

Mean 11.71 11.33 −0.38

*Co-author participant. P13 completed the questionnaire twice, corresponding to two successive pairs of
fragments.

Table 3: Usability scores for the AI-assisted workflow. SUS9 is the 9-item all-positive
System Usability Scale variant (Lewis 2018b). UMUXr is the regression-adjusted
UMUX-Lite score (Lewis et al. 2013), bounded 22.9-87.9. Both are reported on the
0-100 scale.

ID SUS9 UMUXr

P1 22.22 55.40
P2 69.44 71.65
P3 16.67 49.98
P4 52.78 66.23
P5 16.67 39.15
P11* 63.89 66.23
P12 63.89 55.40
P13*(r1) 63.89 49.98
P13*(r2) 72.22 77.07

Median 63.89 55.40
Range 16.67-72.22 39.15-77.07

*Co-author participant.
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Table 4: Technology acceptance scores before and after direct experience with
PyThoth. All scores on a 5-point Likert scale. PEU = Perceived Ease of Use, PU =
Perceived Usefulness, ATU = Attitude Toward Use, BI = Behavioural Intention. ∆
= post − pre. Positive ∆ indicates favourable shift.

ID PEUpre PEUpost ∆PEU PUpre PUpost ∆PU

P1 3.67 1.33 −2.33 3.67 3.00 −0.67

P2 4.00 3.33 −0.67 4.33 4.67 +0.33

P3 3.33 1.33 −2.00 4.33 3.33 −1.00

P4 4.00 2.67 −1.33 4.33 3.67 −0.67

P5 3.33 1.33 −2.00 3.00 1.33 −1.67

P11* 3.67 4.00 +0.33 3.00 2.67 −0.33

P12 3.00 3.67 +0.67 3.00 5.00 +2.00

P13*(r1) 1.00 2.67 +1.67 3.00 4.00 +1.00

P13*(r2) 3.00 4.67 +1.67 3.33 4.67 +1.33

Mean 3.22 2.78 −0.44 3.56 3.59 +0.04

*Co-author participant. P13 completed the questionnaire twice, corresponding to two successive pairs of
fragments. P5 completed the questionnaire after engaging with the system but submitted no task-form data.
The mean ∆PU is near zero despite substantial individual movement, indicating bidirectional rather than
uniform shift (see Figure 8 or Section 3.5).
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sion; a parallel version in participants’ native language was also administered and is
available on request).
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