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1. Knowledge graphs as a tool to study disciplinary knowledge production 

Why and how do academic disciplines and research fields emerge and evolve? This is one 
question that the field of the history and sociology of science is concerned with (Stich
weh, 1992). When one surveys the literature, it becomes apparent that traditionally, a ma
jor focus has been on the natural sciences, and it is only recently that the social sciences or 
humanities are receiving more attention (Kuznetsov, 2019). I am looking into the ques
tion of disciplinary development in the context of my research on the post-war history 
of the German-language sociology of law, which was unable to institutionalize itself as 
an academic (sub-)field in a way similar to the U.S. or the UK, despite Germany’s rich 
pre-1945 socio-legal intellectual history (Machura, 2020). 

The traditional way to study the history of an academic discipline has been the “close 
reading” of the available literature, the study of the biographies of scientists and scholars, 
archival work on the actors and the institutions that have been crucial in the development 
of the discipline. Hermeneutic methods remain essential in grasping the complex his
tory of a research field. But in recent years, the use of computational methods has been 
on the rise not only being increasingly used in the fields of the digital humanities (Luh
mann and Burghardt, 2022), digital history (Cohen et al., 2008), or digital legal research 
(Livermore, 2019), but also in the field of the history of science (Gibson and Ermus, 2019). 
Digital Humanities methods thus provide an additional perspective on disciplinary his
tory. Their promise is to discover and reliably document structures and relationships that 
only appear when algorithmically analyzing a large body of data (Jänicke et al., 2015), of
ten referred to as “distant reading” (Underwood, 2017). They allow us to model and visu
alize these structures and develop metrics for numerical results and comparisons that 
can be reproduced by others. This is in contrast to hermeneutic studies where we need 
to trust the plausibility of the author’s interpretation and have no access to the body of 
data on which she based this interpretation on, beyond those sources that are quoted in 
the scholarly work. 
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294 Part 4: Knowledge graphs and topic modeling

To be sure, this does not mean that computational methods by definition provide
more “objective” results. As with any quantitative studies, the selection of the data that
is included involves (unacknowledged) value judgements. This is not only limited to data
collection and selection. It also affects preprocessing, processing, and, in particular, vi
sualization. As Gibson and Emus express it, rather than bringing research closer to objec
tivity, “each step of the workflow adds another layer of subjectivity” (Gibson and Ermus,
2019: 555). This has to be kept in mind when interpreting the results of our computational
methods.

For the purpose of a Digital Humanities approach, I understand the history of a re
search field as the history of knowledge production in this field. In contrast to an under
standing of scientific knowledge as the process of progressively eliminating false believes
by empirical evidence or logical reasoning and replacing them by (temporary) “true” be
liefs, the focus of knowledge production centers on the social processes involving human
actors in tempo-spacial contexts that influences the form and content of the knowledge
they produce in textual form. These processes can be modelled by knowledge graphs,
which store information on actors, their products, and the context as a network of enti
ties and the relationships between them (Haslhofer et al., 2018). To be sure, this is an in
complete picture of knowledge production. These methods cannot tell us anything about
the context in which these publications have been produced, nor can they capture the
real-life processes of knowledge production. Any insights to be gained by taking a bird’s- 
eye view always have to be checked against studies that rely on “close reading”.

A knowledge graph always needs a data model which describes what entities and re
lationships the model contains. This data model is an extremely reduced representation
of the empirical reality which gave rise to the research question, and, at a minimum, the
model must contain the entities that are necessary to answer it. However, not all the en
tities or relationships that one would like to include in the model can be populated with
existing data easily. There is a tradeoff between the complexity of the model and the costs
(in terms of time and money) necessary for data acquisition. In my case, the most inter
esting data points are scholars, works, venues and institutions.

Fig. 1 presents a possible data model for the graph. The entity types “scholars” and
“institutions” are self-explanatory. “Works” refer to scholarly publications such as arti
cles, chapters, or books; “venues” refer to containers in which such works are included or
of which they are a part, such as academic journals, edited volumes, or book series. The

relationship “EDITOR_OF” can express the editorship of books, but an additional pur
pose is to represent the involvement in the production of serial publications which are
represented by the “venue” entity type.

Finally, works can cite other works. This relationship looks inconspicuous in the data
model, but is this edge in the graph which contains most of the information. A distinc
tive characteristic of scholarly knowledge production is the use of references and cita
tions, i.e. the rigorous statement of the literature used, sometimes with the informa
tion on the exact location within this literature where an idea or quote has been taken
from. In the data model, this information is represented by the CITES relationship be
tween Work nodes. In fact, this is one of the most interesting parts of our data model
in terms of the research question. If we know which work cited which other work, it is
possible to reconstruct relationships that exist between these works. Needless to say, the

https://doi.org/10.14361/9783839447529-293 https://www.inlibra.com/de/agb - Open Access - 

https://doi.org/10.14361%2F9783839447529-293
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by/4.0/


Christian Boulanger: The potential of LLMs for constructing a socio-legal knowledge graph 295 

fact that a citation exists does not tell us – by itself – the exact nature of this relation
ship, let alone answer the question whether one work was influenced by another. There 
are certain questions that could only be answered by the inclusion, into the data, of the 
citation context/intent, which tell us, for example, if a reference was cited approvingly or 
in opposition, for what purpose it was cited, how often or at which particular page (On 
this, see Small, 2011; Berrebbi et al., 2022. See also Liesegang and Gläser (2026) , Simons 
(2026), and Simons et al. (2026). For the purpose of the current study I am interested only 
in the fact whether a reference can be proven to exist. 

Fig. 1: The data model of the (socio-)legal theory knowledge graph 

What is missing in the visualization of the data model is the temporal aspect. For 
example, scholars belong to one or more institutions for a specific time period. Thus, 
for example, the “MEMBER_OF” relationship between “scholar” and “institution” nodes 
should have a temporal property that contains the information from which start date to 
which end date the affiliation existed. While this is completely intuitive for humans, the 
modelling, representation and analysis of temporal relationships is computationally not 
straightforward and the subject of research on temporal knowledge graphs (Gottschalk 
and Demidova, 2018; Zhang et al., 2021).1 

1 There are many more data points that could be added to this model. For example, it would be fas
cinating to include information on academic conferences which scholars attended. Unfortunately, 
no databases exist in which information on academic conferences could be simply retrieved from. 
Instead, getting this data would require text-mining of conference web pages or printed confer
ence proceedings. 
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2. Challenges for populating the knowledge graph: lack of data and tools 

Although this seems like a relatively simple model, populating the model with data en
counters many non-trivial challenges. Theoretically, a data source exists for each of the 
data points in the model. For example, the Research Organization Registry (ROR) con
tains metadata on institutions (https://ror.org/). Metadata on German Scholars can be 
retrieved from places like the German Integrated Authority File (GND) (https://www.dn 
b.de) through a linked data interface (https://lobid.org), which also gives access to bibli
ographic data on published books. For recent publications (roughly the last two decades), 
data on journal articles can be found in bibliometric databases such as the Web of Sci
ence, Scopus, or OpenAlex. 

In the context of a knowledge graph, one major challenge is to disambiguate and link 
datasource entries reliably. How do we know, for example, if a certain “John Smith” has 
published an article, which of the many persons of that name is the given author? Spe
cialized databases such as orcid.org which provide unique ids are of very recent origin 
and only cover a miniscule subset of authors.2 

The disambiguation and linking problem becomes only relevant once one has large 
datasets exported from unrelated data sources which need to be consolidated in the 
knowledge graph. The main challenge the current project faces, in contrast, is the lack 
of data for this particular domain of knowledge. Bibliographic databases such as the 
one mentioned mainly contain data on contemporary, English-language literature from 
the life sciences and biomedicine, the physical sciences, business and technology. In 
contrast, the coverage for non-English language Humanities, law and social sciences 
has been quite limited (Hammarfelt, 2016; Gläser and Oltersdorf, 2019; Vera-Baceta, 
Thelwall and Kousha, 2019; Boulanger, Fejzo and Rimmert, 2025). In addition, the time 
period covered by the research concerns decades of knowledge production prior to the 
digital age or the assignment of DOIs. This means that metadata coverage of older 
literature from the target domain is usually very poor. This is confirmed by testing the 
mere availability of citation data of the Zeitschrift für Rechtssoziologie in the traditional 
bibliometric data sources. Fig. 2 shows almost no citation data before the turn of the 
century, and very little afterwards, as compared, for example, to the Journal of Law and 
Society (UK). 

There is another probable reason for the lack of bibliographic data on German-lan
guage law, humanities and social sciences in bibliometric databases: a large part of the 
journals in this area use footnotes (or endnotes) for references. We don’t know the tech
nology that the commercial database vendors use for extracting citations from the jour
nals they index. However, existing open source reference extraction software might of
fer another clue to why there is such little data. The existing software works well for ex
tracting references from separate, well-formed bibliographic sections (Cioffi and Peroni, 
2022). In contrast, it is still an unsolved problem to extract dispersed citation data, by 
which I mean information on references that is not centrally organized in a bibliography, 
but which might occur anywhere in the text of a scholarly work. For the purpose of the 

2 In particular, ORCID is a self-maintained service and therefore cannot be used, for example, to 
retroactively identify deceased authors. 
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project, this mainly involves bibliographic information which is embedded in footnotes, 
often incomplete, mixed with commentary, and using heavily abbreviated terms. Fig 3 
and 4 show examples of footnotes which demonstrate how different citation practices in 
the Humanities and Law are as compared to the highly structured reference section that 
can be found, for example, at the end of this chapter. 

Fig. 2: Citation data on ZfRsoz in bibliometric data sources, as compared to the Journal of Law and 
Society 

Fig. 3: Footnotes from a German historical article. 

DOI: 10.12946/rg01/036-055 
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Fig 4: Footnotes from a German law journal article. 

DOI: 10.5771/2699-1284-2020-1-16 

Footnotes may contain several citations, often in one line. Also, many disciplines, 
such as law, heavily rely on abbreviated journal names, court cases, and shorthands. The 
challenge for extraction algorithms therefore is to find information embedded in a lot of 
noise. The existing tools, based on traditional machine-learning algorithms are not opti
mized for this kind of data and perform quite badly when faced with footnoted literature 
(Rodrigues Alves et al., 2018; Boulanger and Iurshina, 2022). 

3. From structured prediction to large language models 

This was the situation when I started work on the Legal Theory Knowledge Graph project 
in mid-2021.3 The first goal was the implementation of a pipeline that would be able to 
process the pilot data: the PDFs of the “Zeitschrift für Rechtssoziologie” and “Journal of 
Law and Society”. As no citation data exists for the “Zeitschrift”, it quickly became appar
ent that the extraction of citations would be the main problem to solve, before any other 
part of the knowledge graph could be worked on. 

At that point in time, LLMs were known only to a specialized audience and were not 
generally available. I experimented with several tools available at the time, which were 
all based on traditional machine learning techniques. GROBID (Testori, 2020) is a pop
ular and well-maintained tool for the extraction of bibliographic data from PDFs. It is 
extremely well architected, using layered models that iteratively segment the document 
in order to extract structured bibliographic data. Ad-hoc tests showed, however, that it 
was not able to parse my source material correctly. Grobid provides ways of retraining it 
with domain-specific data. Unfortunately, the hierarchical layering of models that dis
tinguishes Grobid from other tools also means that it requires highly complex training 
data. GROBID uses the TEI-XML format and a layered set of models and corresponding 
training datasets. Producing this data would have meant an investment of more time and 
resources than I could afford at the time. 

3 https://www.lhlt.mpg.de/2514927 
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After experimenting with ExCite (Hosseini et al., 2019; Boulanger and Iurshina, 
2022), I switched to using the AnyStyle citation extraction engine4, which, like ExCite, 
relies on predictive machine learning and had shown to be, on average, the best per
forming tool in a comparison (Cioffi and Peroni, 2022). Similar to Grobid, the AnyStyle’s 
default model had been trained with publications with structured bibliographies. 
AnyStyle’s training data format is much simpler than Grobid’s: AnyStyle uses only two 
models, one for extracting whole lines containing reference strings from text, and one 
for segmenting the references into its constituent parts.5 Using a dedicated web ap
plication6, and with the help of students, I produced a dataset of over a hundred XML 
annotations of PDF documents containing footnotes. Of these, 69 document annota
tions were used for training the extraction model and 882 fully annotated references 
for the segmentation model.7 Using AnyStyle’s own evaluation algorithm, we saw the 
following performance improvements:8 

Fig. 5: Results of the evaluation using AnyStyle’s check command 

Even with the quite limited number of annotations, we see a substantial decrease 
from a 12.15% error rate for the default extraction model that has been trained with non- 
footnoted literature to 2.23% for our custom dataset. For the segmentation model, the 

4 https://github.com/inukshuk/anystyle. 
5 The simplicity of AnyStyle comes with a cost: in contrast to GROBID, AnyStyle cannot profit from 

implicit semantic information provided by the coordinates of the page content: the placement 
helps to identify titles, authors, abstracts, or the footnotes, and differentiate these elements from 
other information. 

6 In order to be able to involve non-technical support staff, I developed a web application that al
lows to visually annotate documents and produce training data in the AnyStyle format: https://gi 
thub.com/cboulanger/citext. The application also allows using the currently trained model to au
tomatically annotate the text loaded into the editor. The predicted annotations can be corrected 
and saved, to then re-train the model. This allows an iterative process with the aim to have a well- 
performing model that can deal with the complexity of footnote citations. 

7 For this, the standard AnyStyle reference annotation label set was extended. In particular, the de
fault segmentation model had problems with the fact that footnotes very often do not just contain 
reference data, but also “signal” words and phrases such as “see”, “cf.”, etc. and the author’s com

mentary (“See, for example, the excellent overview by…”) or other phrases that used to introduce 
sources (“As argued by …”)(On this, see Vogel, 2012). Both types of content were annotated as “sig
nal”. This significantly improved the accuracy of reference segmentation. 

8 The limitation of this algorithm is that it is testing the model against its gold standard data in
stead of cross-validating it with a split dataset. However, since the dataset is fairly heterogeneous, 
the results are meaningful for measuring the model’s performance. Also, the check counts exact 
predictions only. 
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improvement is even more pronounced: the error rate goes down from 41.1% to 6.53%. 
However, even with this massive improvement, the extraction still did not yield results 
that matched our expectations. The resulting data was good enough to show some gen
eral trends, for example, to do a bibliometric analysis of a socio-legal journal (Boulanger, 
2023; Boulanger, Creutzfeldt and Hendry, 2024). For these kinds of analyses, the errors 
in the data were acceptable, as we could expect them to be distributed over the feature 
space and therefore not to distort the results. However, for the purpose of populating a 
knowledge graph, the quality of the data was not sufficient.9 

I had initially intended to publish the dataset10 after adding more annotations and 
doing some quality control. However, after the “LLM revolution” at the end of 2022, it 
quickly became apparent that investing further time into training data for AnyStyle 
did not make sense. Ad-hoc experiments showed that even very early models such as 
OpenAI’s “text-davinci-003” were outperforming the ML models without any training.11 
Therefore, I restarted the reference extraction project from scratch, relying on the ability 
of LLMs to infer the semantics of a reference instead of the “simple” pattern recognition 
afforded by traditional ML. 

4. LLamore: Large LAnguage MOdels for Reference Extraction 

In collaboration with David Carreto Fidalgo (mpcdf) and Andreas Wagner (mpilhlt), a 
new attempt was made to set up a workflow to extract citation data from the domain of 
(socio-)legal theory scholarship. Given the propensity of LLM models to hallucinate, it 
was clear that we needed a robust testing and evaluation solution before we could apply 
LLM at scale to analyse our data. 

A cornerstone of this effort is the development of a high-quality “Gold Standard” 
dataset specifically tailored to Law and Humanities scholarship. In the previous at
tempts, the annotations were done on the source material that was of interest for the 
research question. The advantage was that the annotation efforts produced data that 
could directly be used for domain-specific analyses. A severe limitation of these docu
ments was that they are not Open Access and therefore the source data, i.e. the PDFs, 
could not be distributed along with the Open Source code. We realized that if we wanted 
to advance the technology, in particular in collaboration with others, it was paramount 
to use Open Access journals to create a dataset. This would allow us to publish complete 
datasets including the source PDFs. 

Therefore, we abandoned our previous data, and started again with an initial set of 
articles from Open Access journals. This dataset is currently being annotated using the 

9 In particular, adding more training data did not seem to remove certain classes of parsing errors, 
such as the constant misclassification of “See … “ as an author name instead of a signal word. 

10 As the PDFs I was working with were not Open Access, for legal reasons, the dataset would have 
consisted only of raw footnote strings and the segmentation of these footnotes into references and 
the reference elements. 

11 See https://pad.gwdg.de/s/LWUjPOi1F. 
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TEI XML standard.12 TEI (Text Encoding Initiative) was chosen for its well-established, 
comprehensive framework for text interchange, which supports detailed markup beyond 
simple reference management, encompassing citations, cross-references, and contex
tual elements. While TEI offers robustness, it does not entirely resolve all conceptual or 
technical complexities inherent in representing these diverse citation practices.13 

To leverage the capabilities of LLMs and evaluate their performance, we are using 
a lightweight Python package named “Llamore” (https://github.com/mpilhlt/llamore). 
Llamore facilitates two key functions: on the one hand, it can extract citation data from 
raw text or PDF inputs using various LLM APIs, which can be remote or locally hosted 
models, outputting structured data suitable for further processing. On the other hand, 
it provides methods for evaluating the accuracy of this extraction. Evaluation involves 
comparing the extracted references against the TEI-annotated Gold Standard, comput
ing metrics such as F1-score by aligning the predicted elements with the gold elements. 

Initial evaluation results comparing Llamore (using Gemini 2.0 Flash) with the estab
lished tool Grobid demonstrate the efficacy of the LLM-based approach for this specific 
domain, at least when using Grobid’s default model. While Grobid and Llamore exhibit 
comparable performance on a standard dataset (F1 scores around 0.61-0.62)14, Llamore 
significantly outperforms Grobid on the project’s specialized dataset of footnoted SSH 
literature, achieving an F1 score of 0.45 compared to Grobid’s 0.14. This represents ap
proximately a threefold improvement in performance for handling complex footnotes. 

To be sure, Grobid’s model has not been trained with domain-specific material. In 
a cooperation with the current maintainer of Grobid, Luca Foppiano, we are annotating 
the same dataset for use by the Grobid models. Initial tests have shown that this has im
proved its performance, however, the production of a complete and big enough training 
dataset will take some time.15 So the jury is still out as to whether LLMs or specialized 
tools will provide better performance, in particular since Grobid is much faster and con
sumes much less computing power. On the other hand, as we do not have a sufficiently 
large dataset yet, we have not been able to evaluate the performance of fine-tuned small 
LLMs. 

5. Future work and outlook 

These findings suggest that LLMs offer a viable path for extracting citation data from law 
and Humanities texts where traditional tools struggle. While Grobid remains a faster 

12 We are using an online editor especially developed for this purpose. See https://github.com/mpil 
hlt/pdf-tei-editor. 

13 See https://github.com/mpilhlt/bibliographic-tei/ for the documentation of cases where the TEI 
annotation guidelines do not provide clear rules for the markup of bibliographic information. 

14 We used the “plos_1000” dataset provided by Grobid, published at https://zenodo.org/records/77 
08580. 

15 See https://grobid.readthedocs.io/en/latest/Training-the-models-of-Grobid and https://grobid.r 
eadthedocs.io/en/latest/Grobid-specialized-processes/. In a cooperation with the University of 
Stuttgart, we are working on a set of high-quality annotations for training and evaluation. 
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and less resource-intensive option for the literature it was trained on, LLamore’s perfor
mance on complex footnotes highlights the potential of modern language models. Future 
work will focus on expanding the Gold Standard dataset, refining evaluation metrics, 
and exploring the effectiveness of smaller, local, open-source models for this task. At the 
same time, the potential of solutions that do not rely on generative ai should be actively 
explored.16 

Significant progress can only be made via open and collaborative efforts. First of all, 
the lack of training material for the citation practices in Law and the Humanities is one of 
the main reasons why current models perform badly. Since the production of high-qual
ity training and evaluation data is notoriously difficult and time-consuming, we need a 
community effort to produce such material in amounts that will allow us to fine-tune and 
evaluate specialized models. In addition, the potential of synthetic datasets for finetun
ing needs to be explored. 

Another stumbling block for collaboration concerns the lack of established standards 
for data interchange. We have decided to use TEI, which provides a syntax for expressing 
bibliographic information both as structured data and as annotated text, unlike other 
serialization formats such as BibTeX, MODS or CSL-JSON.17 TEI provides a forward- 
compatible data format which allows to encode additional semantics such as the citation 
context or citation intent in future work. 

In the context of knowledge graphs, a push towards more standardization, or at least 
for better interoperability, might come from the research on ontologies. Ontologies have 
been developed for bibliographic and citation data (Peroni and Shotton, 2018) or for data 
on scholars (Pertsas and Constantopoulos, 2017; Nguyen et al., 2020).18 These ontologies 
might be useful for the eventual publication and long-term storage of the graph data 
produced in the project presented here. 

In any case, much remains to be done before we have a sufficiently large, open knowl
edge graph that allows us to monitor and explore the evolution of a research field using 
data on knowledge production in the field of (socio-)legal theory. 19 
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