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1. Introduction

Recent developments in large language models (LLMs) and generative Al (GenAl)
chatbots such as Chat-GPT, Google Bard (now Gemini), and YouChat (Brown et al.,
2020;|Chakal [2023; Manyika and Hsiao,[2023)) have fostered new types of interaction
that can lower the barrier in human-machine communication through conversation in
natural languages. We assume that such chatbots may be able to act as conversational
assistants in tasks that otherwise require more complex processing to improve the
results produced by simpler or eatlier, less accurate techniques. This article proposes
a set of small-scale tests with GenAlI chatbots on post-OCR correction in historical
datasets. It illustrates, through examples of responses obtained from GenAl agents
integrated into post-OCR correction and assessment tasks, what types of challenges
should be addressed in this context when working with historical datasets.

Previous studies have shown that OCR errors in input data can have a non-negligible
impact on downstream language processing, such as sentence segmentation, named
entity recognition (NER), topic modelling, word embedding, sentiment analysis and
information retrieval (Nguyen et al., 2022; Strien et al [2020). Therefore, various
methods have been envisaged to tackle this problem, including post-OCR detection
and correction of errors. Recent surveys classified these methods into manual and
(semi-)automatic, isolated-word and context-dependent types, and emphasised the
trend in the development of neural network- and context-based approaches (Nguyen
et al.,[2022). Other enquires focused on the use of machine learning techniques to
automatically estimate text quality and select candidates for OCR rerun within cultural
institutions that deal with lower quality historical data (Schneider and Maurer, 2022).
On the other hand, studies on post-OCR error detection and correction investigated the
use of large language models in this type of tasks. For example, pre-trained language
models from the GPT-2 family were tested on datasets of English books and texts from
post-OCR competitions by combining multiple OCR versions of an object and choosing
the best-scored option, with the goal of reducing the number of errors (Gupta et al.,
2021)). Tests with other models, such as Llama 2, and a corpus of 19th century British
newspapers containing aligned excerpts of machine and manual transcriptions, were
also performed to assess the ability of prompt-based approaches to detect and correct
OCR errors (Thomas et al.,2024)). The performance of generative LLMs in post-OCR
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correction tasks was also examined by conducting experiments with GenAl agents
such as ChatGPT-4, ChatGPT-4o0, Claude 2.1, and Gemini 1.0 Pro and comparing their
outputs when exposed to historical datasets in different languages and various types
of prompt (Bang| 2024).

While these studies were generally based on the investigation of larger text col-
lections, our set of tests explored the potential of using GenAlI agents in post-OCR
correction from a small-scale perspective. This involved the analysis of a use case and
particular examples, with the aim of identifying potential categories of challenges and
drawing a generic pipeline that may serve as a preliminary testbed for larger-scale ap-
plications. We assumed that early identification of challenges and prompt calibration
scenarios from small-scale tests can eventually guide further developments. This type
of enquiry was part of a larger project that used word embedding results (neighbour
lists) and citations extracted from a selection of historical French monographs (1690-
1918)E] These extracts were integrated into a multilingual diachronic collection of
interconnected terms expressed in RDF-XML, following a linguistic linked open data
(LLOD) model (Armaselu et al.,[2024) P In this context, the need for OCR correction
of neighbour lists and citations has been identified. The article presents the applied
methodology and its results in Section[2] Section[3is dedicated to a discussion of the
findings followed by a conclusion and remarks on future work in Section 4]

2. Methodology and results

The examples presented below were produced using three chatbots, ChatGPT-4,
Google Bard, and YouChat, which were selected based on availability via subscription
and free accounts and on reports considering them among the top Al chatbots (Davis,
2023|). The conversations were intended to identify potential problems in the lists of
neighbours of the word révolution extracted from the French monograph dataset by
time slice, such as OCR errors (Table[T]). The three chatbots were also asked to provide
confidence levels for their corrections (in percentage) EI

More complex prompts included several exchanges with the GenAl agent
(ChatGPT-4) when asking for OCR error identification in citations extracted from
the corpus corresponding to a given sense of the word révolution (FigureI]). Informa-
tion about the origin of the excerpts, that is, French historical texts and their publication
year or period, was also included in the prompts. Figure[I| (right) shows the OCR-ed
text that was sent to ChatGPT-4 for correction.

Following this preliminary testing phase, a small-scale assessment of ChatGPT-4 was
also performed using test and gold standard excerpts from the ICDAR 2017 competition
on post-OCR text correction (Chiron et al., 2017, Rigaud et al., 2019) that included
English and French monographs and periodicals from 1654 to 1934. The fragment
contained 50 sentences from a text by Montesquieu, Arsace et Isménie, published in
1783, chosen to be close to the publication date of the text shown in Figure|[l} Both the
test fragment and the gold standard were extracted from the ICDAR2017 dataset of
French monographsﬂ

! The MONOGRAPH TEXT PACK from the BnL Open Data Collection. https://data.bnl.lu/
data/historical-newspapers/ (accessed 10 February 2025).

2 The LLODIA model is available at: https://github.com/nexuslinguarum/LLODIA

3 The chatbot confidence levels were considered as indicative, especially in cases when the agent
changed its response in its interaction with the user. More research is needed to evaluate this type of
chatbot self-assessment.

4 https://sites.google.com/view/icdar2017-postcorrectionocr/dataset (accessed 10
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Table 1: Identifying OCR errors. Prompt: Please try to identify the words that may be due to OCR errors in
the following list: vandalisme, insurrection, insurgé, confération, lirnbourg, eévolution, vindépendance,
holstein, usurper, exéquatur.

Interaction Chatbot
Chatbot ! Answer excerpts .
date confidence
e confération - Possible Correction: 859/
"confédération" (confederation) ?
e lirnbourg - Possible Correction: 80°%
"y s " . o
ChatGPT4 | 15122023 | -imbours’ (Limburg) .
e eévolution - Possible Correction: o
" o . 95%
révolution" (revolution)
e vindépendance - Possible Correction: 90°%
"indépendance” (independence) ’
e confération - confédération 100%
: ) o
Bard 18122023 | ® lirmbours - Luxembourg 25
e eévolution - évolution 90%
e vindépendance - indépendance 80%
e "lirnbourg" to "Limbourg" 60%
YouChat 16.12.2023 e "eévolution” to "évolution" 80%
e "vindépendance" to "indépendance”" | 90%

ChatGPT-4 was asked to correct the first 50 sentences of the test fragment that
was supposed to contain OCR errors. Then, it was asked to compare the initial and

corrected texts with the corresponding gold standard (GS), to calculate the character
error rate (CER), word error rate (WER) (Abadie et al.|2022]), and the corresponding

accuracy values

La roue de longue - tige ou- grand moyene fait
une. révolution par -heure, le pivot de cette roue
pafle.a travers Ja platine jufque pardeflus Paiguille
de- minute fur ce pivet ou autrement appellé tige
entre afrotement dur, un canon qui porte la roue
de chaufte, cecanon fert & porter par fon extrémité
Paiguille des minutes, la rove de chaufée engrenne
dans la roue du. petit pignon détruit,; ce pignon
engrenne 4 une roue qui porte un canon qui roule
fur celui de la chaufée, la roue fait un tour dans

La roue de longue tige ou gand moyene fait une
révolution par heure, le pivot de cette rous pale a
travers la platune jufque pardeffus l'aiguille de minute
lur ce pivot ou autrement appellé tige entre
afrotement dur, un canon qu porte la roue de chaufée,
ce canon fert a porter par fon extrémit l'aiguille des
minuts, la roue de chaufée engrenne dans la roue du
petit pignon détruit, ce pignon engrenne a uns roue
qui porte un canon qui roule fur celui de la chaufée, la

roue féit un tour dans douze heures; fon canon fert a

douze heures; fon canon fert & porter aiguille des:
; ; iU porer l'aiguille des neures.

heures.

Figure 1: Extract 1789, p. 13): a) image; b) OCR-ed text (French).

Table 2| shows two iterations of this process, since it was observed that ChatGPT-4
had a tendency to correct historical word forms in French, and additional prompting
was necessary to prevent this type of Changeﬂ For comparison, the CER and WER

February 2025). The first 50 sentences were extracted from the full dataset, fr_monograph sub-folder,
file 8.txt. Some preparations were necessary, for example to remove the symbol ‘@ from the excerpts,
which was used in the competition for alignment at the character level. The sentences were also manually
separated, one per line, and numbered from 1 to 50 to facilitate the interpretation of the results.

5 This was done by subtraction of the error rates from 100.

6 ChatGPT-4 was selected for this type of task since it allowed downloading the files correspond-
ing to the various versions to be compared. Due to instability in results and reported errors by the GenAl
agent, the calculation of the CER and WER values was repeated several times (on 31.01.2024, 07.02.2024,
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Table 2: ChatGPT-4 CER, WER (with jiwer references and P, R, Fm) and examples (ICDAR 2017 excerpts).

Test excerpts,
ICDAR and
ChatGPT-4 Interaction CER, WER, Chatbot Differences in
corrected date P R, P R, confidence the analysed
versions after Fm Fm text / GS
iteration
1and 2
grcsljc—éogt‘p“t— 1.22% 6.68% “on” | “son”
Isménig_l_783 %]135];:) Z]fzief) "Eﬁ;ﬁluee" /

o,
g;:[r):ittfs,[ 03.05.2024 P=0.98 P=0.92 95% “Ambassa-
m%g;%z R=099 |R=0094 deurs,” /
983 tokens) Fm =099 | Fm = 0.93 ‘Ambassadeurs,
ChatGPT-4_ “regne” /
Corrl_Arsace_ 5.44% 18.22% “regne”
et_Isménie_1783 5.15% 18.01% “d’Artamene, ” /
(ICDAR test (jiwer) (jiwer) o d’Artamene, ”
fragment after | 002024 | p_g95 | p—og3 | D% “laissant” /
correction 1 R=0.97 R=0.84 “laissa”
by ChatGPT-4, Fm =096 | Fm = 0.83 “désirait” /
980 tokens) “desiroit”
ChatGPT-4_
Corr2_Arsace_ 3.23% 12.63% “regne” /
et_Isménie_ 1783 3.00% 12.31% “regne”
(ICDAR test (jiwer) (jiwer) o “d’Artamene,” /
fragment after 03.052024 | p _ 0.97 P =0.88 95% “d’Artamene,”
correction 2 R =0.99 R =0.89 “et” /] “1”
by ChatGPT-4, Fm =098 | Fm = 0.88 “ame” / “ame”
977 tokens)

values (in italics) were computed independently by a program that we have written
for this purpose and that used the Python library jiwerE]

For each of the three analysed texts, we used the sentence alignments and number of
hits or correct items (H), substitutions (S), deletions (D) and insertions (I) provided
as output by the jiwer-based program. With these values, we computed more general
evaluation metrics, precision (P), recall (R), and F-measure (Fm), corresponding to
the two types of error calculated at the character and word level. The formulae for
calculating P, R and Fm were inspired by general approach descriptions (Abadie et al.,
2022; Karpinski et al., 2018; Morris et al., 2004) and adapted to our task and data as
detailed below, E]

P=H/(H+S+1) (1)
R=H/(H+S+D) (2)
Fm =2PR/(P+R) (3)

where P is the number of hits divided by the total items in the hypothesis (text to

02.05.2024 and 03.05.2024). The last results, which seemed more stable and closer to the jiwer-calculated
values, were included in the table.

7 https://jitsi.github.io/jiwer/ (accessed 10 February 2025).

8 The values presented in Table |2l were computed in Excel using the information collected
manually from the output files of the Python program, and formulae 1-3.
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be assessed), R is the number of hits divided by the total items in the reference (GS),
and Fm is the harmonic mean of P and R.

3. Discussion

A qualitative analysis of the chatbot’s responses for the first task (Table|I]) indicates
that the three Al agents were quite successful in identifying possible errors. The word
similarly identified by all the chatbots was “vindépendance”, while slight differences
in agreement can be observed for the other words. ChatGPT-4 agreed with Bard
on “confération” and with YouChat on "lirnbourg", while Bard and YouChat agreed
on “eévolution”. Additional prompting was needed to remind Bard that corrected
words should be provided in French Table []), since the proposed corrections
were initially expressed in English. This behaviour was not observed for the other
two agents that provided the answers directly in French (YouChat) or in French with
English translations (ChatGPT-4).

When the prompt included more details about specific types of error, such as the
use of elongated ’s” in older texts, often confused by the OCR software with the letter
't’, the chatbots were able to propose plausible corrections. For example, YouChat after
first proposing "fantastic” as a correction of "fuppofant’, re-examined it in favour of the
form “supposant” (confidence 70%) Table[5) and re-assessed the level assigned
to the initial choice “fantastic” (confidence 40%). ChatGPT-4 identified the correct
form “supposant” (confidence 95%) and explained that in this case the long ’s” was
probably misinterpreted as 't in the OCR processﬂ

More complex prompts included several exchanges when asking for error identifica-
tion in citations extracted from the corpus corresponding to a given sense of the word
révolution (Figure([T)). Although errors such as “platune” instead of “platine”, “jufque
pardeffus” instead of “jusque pardessus”, or “fert” instead of “sert” were easily identi-
fied (confidence 90%), the form “chaufée” was more difficult to analyse and required
additional prompting. After asking ChatGPT-4 to reconsider the form to take into
account the elongated ‘s’ issue, the context “roue de chaufée” and the possibility that
it may refer to clock making in the 18th century, the chatbot proposed the correction
“roue de chaussée”, with “’chaussée” potentially referring to a part or a process in
the clock’s mechanism” (confidence 75%) Table[6]). Other difficulties consisted
in preventing corrections of possible historical word usages, which were not due to
OCR errors, such as “moyene”, “engrenne”, “afrotement” and their transformation
into modern forms Table[7)). It can be noted that in response to prompts related to
the historical use of certain words, the agent proposed plausible corrections, accompa-
nied by explanations of the most likely modern forms, their English translations, and
potential contextualisation from a historical point of view.

The same issue related to historical forms was observed when comparing the cor-
rected ChatGPT-4 version with the ICDAR 2017 gold standard (Table[2)). The lowest
error and highest values of P, R, and Fm correspond to the ICDAR test fragment. For
the two iterations using ChatGPT-4, the error rate decreased and the P, R, Fm increased
for correction 2 as compared with correction 1 after the use of specific prompts indi-
cating that historical forms should be preservedm Regarding ICDAR 2017 results,
(Chiron et al., 2017)) reported that the best performing method of the competition in

9
10

Google Bard was not tested for this particular form.
Example of such prompt: Please try to correct only the clear OCR errors, such as misrecognised
characters and incorrect word splits, while retaining the historical French forms, such as "reposoit”, "faudroit".
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terms of F-measure (Fm 0.55, P 0.51, R 0.59) for historical French monographs was
WEFST-PostOCR based on weighted finite-state edit transducers and bigram language
models derived from the Google Books Ngram Corpus. The values shown in Table
for these measures and the texts we analysed are much higher. However, it should be
considered that the sample used in the French monograph competition counted 32274
tokens with an average character error rate of 5%, higher than the text size and initial
error rate from our small-scale test. These evaluation measures were calculated for
task 1 (error detection), in which the competition participants were asked to provide
only the position and length of the alleged erroneous tokens in the raw OCR-ed text,
which differs from our full correction taskE] Therefore, these values are not directly
comparable with our figures, but may be used as indicative reference points. It should
also be noted that some inaccuracies in the GS itself were reported by ICDAR partici-
pants, according to the article cited. Such inaccuracies can be observed as well in Table
(column 6) that shows some diacritics missing from the GS version while they are
properly rendered in the ChatGPT-4 corrections.

An additional test was performed to compare the texts corrected by ChatGPT-4 with
a more modern version (1876) (MD) of the fragment from Arsace et IsménieE] The
calculated CER and WER values using jiwer for the GPT-corrected texts using this text
asa referenceF_gl were higher compared to the values based on the gold standard in
Table[2l Thus, MD-based rates compared to GS-based rates computed via jiwer showed
an increase of 0.37% in CER and 2.35% in WER for correction 1, and respectively 2.41%
in CER and 10.56% in WER for correction 2. This was surprising since given the
agent’s tendency to modernize the word forms, a closer resemblance with the MD
version and lower error rates based on the comparison with it were expected. Some
mismatches between the GenAl corrections and the reference versions were due to the
use of different types of punctuation marks (e.g., straight vs. curly apostrophes, colon,
semicolon and comma used differently) and capitalisation (e.g., Reine vs. reine). A
closer look at the differences also showed that the ChatGPT-4 corrections not only
targeted presumed OCR errors, but sometimes involved changing the order of words
or rephrasingE] These findings align with recent studies reporting that GenAl agents,
such as ChatGPT-4, ChatGPT-40, Claude 2.1, and Gemini 1.0 Pro, show a certain
tendency towards oversimplification or modernisation when applied to post-OCR
correction of historical texts, which may impact the degree of accuracy and fidelity of
the corrections as compared with the original content (Bang), 2024, pp. 40, 46).

Table 3| summarises the categories of differences observed between the versions

n ICDAR 2017 also included task 2 (correction of OCR errors) in which the participants were

asked to provide a ranked list of replacement candidates for each error detected during task 1. The
official metric for this second task consisted of the improvement rates with respect to the weighted sum
of the Levenshtein distances between the correction candidates and the corresponding token in the GS,
considered in fully- and semi-automated scenarios (Chiron et al.,[2017]).

12 https://fr.wikisource.org/wiki/Arsace_et_Ism/C3%A9nie|(accessed 10 February 2025).

13 MD reference, ChatGPT-4 correction 1 (5.52% CER and 20.36% WER); correction 2 (5.41% CER
and 22.87% WER).

14 For instance, “Il écrivait a la Reine les lettres les plus tendres du monde” (corr. 1) vs. “Il écrivoit
a la Reine les lettres du monde les plus tendres” (GS, corr. 2) vs. “Il écrivait a la reine les lettres du
monde les plus tendres” (MD); “Elle descendit de son char et entra dans le temple” (corr. 1) vs. “Elle
descendit de son char, entra dans le temple” (GS, corr. 2) vs. “Elle descendit de son char, et entra dans le
temple” (MD); “il cherchait Iétranger et le trouva plongé dans une affreuse tristesse” (corr. 1) vs. “il
cherchoit 1’étranger, il le trouva dans une affreuse tristesse” (GS) vs. “il cherchoit 1’étranger, et le trouva
dans une affreuse tristesse” (corr. 2) vs. “il cherchait I'étranger, et il le trouva dans une affreuse tristesse”
(MD).
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Table 3: Diff examples classified by ChatGPT-40 and its confidence levels (07.10.2024).

Chatbot
confidence

Diff category Examples (GS / ChatGPT-4_Corr1)

*Soyez mon ami*, lui dit-il, *puisque vous
Punctuation étes malheureux.* / "Soyez mon ami", lui 95%
dit-il, "puisque vous étes malheureux."

Cette entrée fut singuliere. / Cette entrée

Orthography fut singuliére. 85%
Ce Prince mourut accablé d’ennuis, laissa**
Paraphrasing son trone a sa fille Isménie. / Ce Prince 85%

mourut accablé d’ennuis, laissant son trone

a sa fille Isménie.

Il menoit avec lui tout ce qui étoit propre a un
appareil de noces **des danseurs, des joueurs
d’instruments, des farceurs, des cuisiniers, des
Modernisation, eunuques, des femmes il menoit avec lui une
orthography, formidable armée. / Il menait avec lui tout ce 90%
syntax/structure | qui était propre a un appareil de noces : des
danseurs, des joueurs d’instruments, des
farceurs, des cuisiniers, des eunuques, des
femmes, ** *e¥**H***+44% yne formidable armée.

corrected by ChatGPT-4 and the two references (GS and MD)E] To compile the ta-
ble, we used the output files of the Python program for CER and WER computing,
which contained character-level alignments for pairs of aligned sentences between the
compared versions, and difference markers (for substitution, insertion, deletion).

We prompted ChatGPT-40, with the diff files attached to the prompts, to assist in
classifying the sentence pairs according to six categories of differences. As illustrated
in the table, the analysed sentences can belong to single or multiple categories. The
diff categories were defined as follows: spacing (differences in missing or extra-spaces
between characters or words), punctuation (use of different punctuation marks), orthog-
raphy (differences at the character level, such as diacritics or minor spelling variations
in a word form), modernisation (replacement of older word forms by modern equiva-
lents), paraphrasing (use of different words or phrases intended to convey a similar
meaning), syntax/structure (changes in sentence structure through word insertion,
deletion or reordering). This type of analysis can draw paths for further enquiry
regarding the use of GenAl technology in two different types of tasks, post-OCR cor-
rection and modernisation of historical texts. While some changes can be imagined
as potential ingredients of a modernisation pipeline, others should be prevented by
explicit specifications included in the prompts to preserve the original forms as much
as possible.

Based on these observations, we argue that GenAl-based workflows for post-OCR
correction should include preliminary small-scale testing and prompt calibration to
enable early identification of accuracy issues and their potential solutions. Figure

15 The experiment involved several iterations with ChatGPT-4o for the refinement of the categories
and classification of sentence pairs according to these categories. Four files were attached to the prompts
to be analysed. They contained aligned sentences at the character level for the ChatGPT-4_Corrl and
ChatGPT-4_Corr2 as compared with the GS and MD versions. Some simplifications were applied to the
categories proposed by ChatGPT-4o to avoid category overlapping. The character “*” was used by the
Python program for alignment, in case of differences between sentences.
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Modernisation | List of modernisation
—————————— categories ===

Non-acceptable ¥/\
Calibration
List of preservation

categories (spacing,

List of typical . Small-scale putr;‘ctuam:‘n,
7’ OCR errors to be Prompt|| | | testingofGenAl | Quality L N y or Tgrapd \:'
corrected design post-OCR threshold Preservation istorical word form,

\/\ correction syntax/structure)

Large-scale
application

Acceptable

Figure 2: Generic pipeline for small-scale testing of GenAl post-OCR correction.

illustrates a generic pipeline that considers both the preservation and modernisation
branches, taking into account the various types of OCR errors due to misinterpretation
of letters, specific or older fonts, print quality, etc., and the categories of differences be-
tween the original and corrected text resulting from the particularities of the generative
Al technology.

One of the typical emergent abilities of large language models, which are not present
in smaller pre-trained models, is in-context learning. Compared to fine-tuning that
implies adaptation of a model to a specific task by training it on a tailored dataset and
updating its weights, or to retrieval-augmented generation (RAG) that combines infor-
mation retrieval and domain-relevant knowledge bases, in-context learning involves
the use of zero-, one- or few-shot learning including in the prompts task descriptions
with or without examples, and no update of the model parameters (Brown et al.,
2020; [Li, 2023; Zhao et al.|[2024]). While various fine-tuning and RAG techniques are
available (Parthasarathy et al.,2024)), in-context learning may represent an approach
that is potentially interesting to explore for tasks such as LLM-based post-OCR cor-
rection. Recent multilingual benchmarks have shown both promise and challenges
in applying LLMs in zero- and few-shot settings to post-OCR correction of historical
datasets (Boros et al., 2024; Kanerva et al.,[2025)), some of them similar to observations
presented in this paper (e.g., tendency of the models to overcorrect and paraphrase).
The decision on which of these categories of adaptation techniques to choose also
depends on the complexity of the project and the budget allocated to it. Although
the utility of large-scale benchmarking is undeniable, small-scale testing, including
data preparation, processing, and evaluation, and iterative prompt tuning, can prove
its usefulness as a faster and cheaper way of identifying categories of problems from
the outset, suggesting directions for adaptation, further investigation, or assessment
aligned with existing standards, that may inform the design of subsequent larger-scale
phases or applications.

4. Conclusion and Future Work

The article proposes a small-scale investigation on the use of GenAl agents in post-OCR
correction workflows for historical datasets. Although preliminary results show a
certain potential for this type of technology in solving tasks in this category, more
tests are necessary to assess the capacity to respond to specially conceived prompts for
historical text processing. In particular, it was shown that the agents have a tendency
to replace historical forms with more modern ones, to reformulate whole phrases,
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or to change word order and punctuation. Specific instructions should be devised
to prevent these forms of modification. However, building modernised layers for
documents with old spelling may be considered a possibly interesting application in
tasks such as the transformation of older texts to be read by modern users or computer
programs.

Another potential challenge resides in a certain degree of instability observed in
computing character and word error rates (CER, WER). This indicates that comparing
the GenAl values with independently computed results using programming languages
such as Python or R should be envisaged. The study was limited to interactions with
three agents that involved the use of online platforms, while the integration of this
type of technology into larger-scale pipelines would require more code-oriented or
batch processing solutions that need to be further examined. Future work can include
additional testing with other GenAl agents, open-source large language models in a
programming environment, datasets in other languages, and further enquiry about
the application of these technologies in post-OCR correction for historical and digital
humanities research. Although limited in scope, it may be argued that small-scale
testing of the kind presented in this paper can serve as a pilot phase in the pipeline,
that allows for early identification of problems, synthesis of observations, assessment,
and articulation of hypotheses for further testing or potential solutions, which can
inform the design of subsequent larger-scale phases in the workflow or applications.
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A. Appendix

Table 4: Prompt and response excerpts, reminding the language (Google Bard, 18.12.2023).

User

GenAlI agent (Bard)

Please try to identify the words that may
be due to OCR errors in the following list
and assign a confidence level in percentage
to each proposed correction. The words are
in French and the corrections should

also be in French. ...

Sure, here are the words in the list
that may be due to OCR errors,
along with proposed corrections
and confidence levels: ...
confération confédération
100% ...

Table 5: Prompt and response excerpts, “supposant” (YouChat, 16.12.2023).

User

GenAlI agent (YouChat)

Would your decision
be different if you
consider that usually
elongated s’ in older
texts is producing
OCR errors, such as
considering 'f’
instead of 's’?

Considering the possibility of an OCR error substituting
"f" for elongated "s" is indeed a relevant factor to consider.
Given this information, the potential correct form for the
word "fuppofant” might indeed be "supposant" if we
consider the substitution of "s" with "f" due to OCR
errors in older texts. Taking this into account, the
corrected potential form for "fuppofant” could be
"supposant” instead of "fantastic.” ...

Table 6: Prompt and response excerpts, "roue de chaussée" (ChatGPT-4, 15.12.2023).

User

GenAlI agent (ChatGPT-4)

Can you please
reanalyze the word
"chaufée" given the
context "roue de
chaufée" and the fact
that the text refers

to clock making

in the 18th century?

In the context of clockmaking during the 18th century, the
term "chaufée" in "roue de chaufée" could be a historical
or technical term related to the mechanism of a clock.
Considering the OCR misinterpretation of long ’s” as 'f’,
and given the clockmaking context, the term could be
"roue de chaussée", with "chaussée" potentially referring
to a part or a process in the clock’s mechanism.
However, without specific knowledge of 18th-century
clockmaking terminology, it’s difficult to ascertain the
exact term. "Roue de chauffée" could refer to a heated
part or a wheel that is treated in a particular way, but
this seems less likely in the context of mechanical
clockwork where terms like "chaussée" do not clearly fit.
Considering this, a more likely correction would be "roue
de chaussée" if "chaussée" is a term used in the context
of clock mechanics at the time. However, if "chauffée" is
not due to an OCR error and is actually a correct
transcription of the original text, it might require
specialized historical knowledge to interpret accurately.
Based on common French usage and the potential for an
OCR error, "roue de chaussée" could be a plausible
correction with a medium to high confidence level, but
without specific expertise in historical clockmaking
terminology, I cannot provide a definitive correction.
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Table 7: Prompt and response excerpts, "afrotement”, "engrenne” (ChatGPT-4, 15.12.2023)

User

GenAI agent (ChatGPT-4)

Do you have any
information about

the word "afrotement ",
in the text "tige entre
afrotement dur", and

its possible usage in
French in the 18th
century? Same question
for "engrenne ", in "ce
pignon engrenne". It is
possible that these are
historical usages that
should be kept in the
transcription of the text.
The goal is to correct
just the errors that may
be due to OCR
misinterpretation.

In the 18th century, French language and spelling were
less standardized than they are today, and many words
could have various spellings or be spelled according to
phonetics. With this in mind:

o Afrotement: The correct modern French word is
"frottement,” which means "friction." It is plausible that
"afrotement” is a historical spelling or a typographical
error in the original text. If "afrotement" is not an OCR
misinterpretation, it could be an archaic spelling of
"frottement" that was used at the time. This would be
especially true in the context of clock mechanisms
where friction is an important concept.

e Engrenne: The modern French word "engréne” comes
from the verb "engrener,” which means "to mesh" or "to
engage," as gears do in a clock. "Engrenne" could be an
old conjugation or spelling of the verb. If "engrenne" is
correctly transcribed, it may not be an OCR error but
rather a historical usage that should be preserved in the
text. ...
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