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1. Introduction

Recent developments in large language models (LLMs) and generative AI (GenAI)
chatbots such as Chat-GPT, Google Bard (now Gemini), and YouChat (Brown et al.,
2020; Chaka, 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 earlier, less accurate techniques. This article proposes
a set of small-scale tests with GenAI chatbots on post-OCR correction in historical
datasets. It illustrates, through examples of responses obtained from GenAI 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 combiningmultiple 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 GenAI agents
such as ChatGPT-4, ChatGPT-4o, 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 GenAI 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).1 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).2 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 3 is 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 AI 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 1). The three chatbots were also asked to provide
confidence levels for their corrections (in percentage).3
More complex prompts included several exchanges with the GenAI agent

(ChatGPT-4) when asking for OCR error identification in citations extracted from
the corpus corresponding to a given sense of the word révolution (Figure 1). 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 1 (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-4was
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 1. Both the
test fragment and the gold standard were extracted from the ICDAR2017 dataset of
French monographs.4

1 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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