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Analyzing Historical Legal Textcorpora

German VET and CVET regulations

Thomas Reiser!, Jens Dorpinghaus ©2, and Petra Steiner?

Abstract: The digitization of historical documents has gained particular interest in recent years.
The majority of research endeavors aim at digitizing historical documents by extracting text from
scanned images. A pipeline that transcribes scanned documents into fully structured texts was utilized
to digitize over 900 German VET and CVET regulations. As a preliminary investigation, a basic
corpus analysis was conducted to assess the usability of the digitized documents and the necessity for
document digitization methods that can generate transcripts that maintain the logical text structure
and hierarchy. This paper focuses on the processing of the transcripts created from German VET
and CVET regulation images to demonstrate the advantages of fully structured text over plain OCR
results and to illustrate that even simple analyses require more information for more comprehensive
document understanding.

Keywords: Document digitization, OCR, Legal texts, Corpus analysis

1 Motivation

Document collections are an important part of vocational training research. Vocational
education and training (VET) and continuing vocational education and training (CVET) in
Germany are regulated since the 1920s [Hel3]. However, through multiple states, the Third
Reich, German Democratic Republic, and Federal Republic Germany, these regulations
have evolved over many decades and ideologies. The job archive at the Federal Institute for
Vocational Education and Training (Bundesinstitut fiir Berufsbildung, BIBB) contains many
historical VET and CVET regulations that are hardly accessible. In a feasibility analysis in
preparation for an effort to digitize this archive, using regulations from 1969 to 2022 that
have been published in the Federal Gazette (Bundesanzeiger) and are open available in the
internet, a pipeline was developed that transcribes the document images to fully structured
texts, with headings, paragraphs, sections, tables, and listings.

The Vocational Training Act (Berufsbildungsgesetz, BBiG) of 1969 established a framework
for the majority of these regulations, resulting in only minor differences in their layout and
content structure. This consistency makes them suitable for corpus analysis and investigations
of the evolution of these regulations over the past fifty years. Our research questions are:
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1. How does the use of TEI XML facilitate the structure analysis of legal texts, and what
information can be gained from such an analysis?

2. How does the structure of the (C)VET documents evolve over time?
How much do VET and CVET regulations differ?

4. What are the most frequent words and phrases in the digitized (C)VET regulation
text corpus?

[\9]

Related Literature

In recent years, there has been a great deal of research conducted on the subject of document
digitization where authors have addressed a number of challenges and goals. In [KKK17],
Finnish newspapers are digitized using the Tesseract OCR engine, simply recognizing all
text and generating an ALTO XML document. A different approach that addresses the
better structured text recognition by modeling the text structure of legal texts in Austria and
aligning recognized text to this predefined structure [NF17].

The authors of [Hal19] use OCR to find names of judges in different issues of the Federal
Gazette and generate a linked open data set about judges at German federal courts from 1950
to 2019. Similar to this, in [Sa22], invoice papers are digitized by extracting, e.g., product
description, quantity, price, and more, into table structured data. Also graph structured
data can be extracted from text recognized by OCR. In [KI17], T2KG is presented, an
NLP tool that is able to build knowledge graphs from unstructured text. Another way to
generate knowledge graphs from text using Open Information Extraction is introduced in
[MLR18]. Other approaches include contextual extraction and representation methods based
on knowledge graphs, ontologies and taxonomies, see [D622a; D622b; DS19; DWB22;
FD24; FGB22].

There is also several research into web applications that allow interactive OCR, where
users can make corrections at each stage of the OCR process. One of the largest efforts
towards this is OCR4all [Re19] which allows the usage of different preprocessing steps,
segmentation methods and OCR models. However, there are also less extensive tools that
also allow the management of digitized document collections, for example in [JMM?20;
VNP21].

Our aim is to digitize the text corpus of the job archive in a way that each document is
encoded in fully structured text in the TEI XML format such that logical units as paragraphs,
sections, lists, tables, and figures are recognized, giving more meaning to the text. Although
some approaches to do so exist, e.g., in [Ca22] where a tree structured document hierarchy
is generated with the HELD model, most of this literature is from around the 2000s and
requires some document-specific knowledge by the users [Be07; KKO1; TA92]. Due to time
constraints, the first version of our digitization workflow still uses predefined rules which
we aim to recognize automatically using layout and text features from the text in future
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research. More recent approaches utilize object detection methods to fine-tune pre-trained
machine learning models with image information [BM19]. As we started our work with
only few knowledge about the existing text corpus, except for few manual investigations, the
heuristic approach was considered to be reasonable enough for this first analysis.

There is no solution for such a task that is universally applicable for any document and some
form of knowledge about the layout is always required, either automatically recognized or
pre-defined. On the selected subset of VET and CVET regulations that are open available in
the Federal Gazette, a feasibility analysis of such a pipeline and a usability analysis of the
results has been conducted. The findings are discussed in this paper.

3 Methodology

We created a document digitization pipeline that takes images of scanned documents,
recognizes layout and text by applying OCR, detects important layout elements and utilizes
them to structure the text. Because legal texts are usually well structured, this enables
the detection of the text hierarchy, consisting of paragraphs, sections, and listings. While
paragraphs and their sections contain information on what part of the training program is
regulated, lists often contain the taught skills and knowledge. Our corpus analysis is used to
show that the transcripts are well processable and the more structured data contains more
information than the plain OCR result. As a proof of concept, different aspects have been
investigated.

To first understand which paragraph headings are most frequent and relevant throughout
time, they are counted. However, some errors are expected in the character recognition
process as no OCR model is perfect. Same headings are clustered using DBSCAN with
Levenshtein distance. Because there are many longer compound words like they are often
found in German language in the paragraph headlines, where spell checkers cannot always
find the correct word, this clustering approach has been found more suitable. The headings
are extracted from the document image transcripts, clustered, and the relative frequency of
each heading is computed. This is done for each VET and CVET regulations separately. For
better readability, only the 25 most frequent headings are selected.

To analyze the evolution of paragraph lengths, the ten most frequent paragraphs are selected
and their average length in each year is plotted to see which parts became longer and shorter
during the selected period. In our case, paragraph length is measured in number of words.

For a better insight into the document lengths, the number of pages as well as the number of
paragraphs in each document is plotted in a histogram.

In a last step, the regulation wording and its evolution over time is analyzed. The regulations
are grouped by year, then, for all regulations of a year, each word is spell checked to remove
most OCR errors, lemmatized to turn them into their base form, and afterwards, counted.
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The ten most frequent words of all time are then selected and their relative frequency in
each year is plotted.

4 Evaluation

In the first step, similar headlines are clustered using DBSCAN with a maximum Levenshtein
distance of 4 between elements in the same cluster and a minimum cluster size of 10 to
keep only more relevant paragraph headings. The 25 largest clusters for VET regulations
are shown in Figure 1, labeled with the most frequent element in each cluster, i.e., the mode.
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Fig. 1: The 25 most frequent headlines of paragraphs in the selected VET regulations.

The three most frequent paragraph headlines are training plan (Ausbildungsplan), general
training plan (Ausbildungsrahmenplan), and intermediate examination (Zwischenpriifung).
These three headlines occur about 500 times across all regulations. Although almost every
regulation starts with the first paragraph, state recognition of the training occupation
(Staatliche Anerkennung des Ausbildungsberufes), this headline is only on fifth position in
this plot, caused by known errors in the OCR process that need to be fixed in future work.
Issues like this show the necessity of machine learning models that are fine-tuned on our
target data set to recognize and classify text areas. These will be part of future research.

For CVET regulations, the same clustering of paragraph headlines as for VET regulations
was done. The resulting 25 largest clusters are shown in Figure 2. The top three most
frequent headlines for CVET regulations are transitional provision (Ubergangsvorschrift),
entry into force (Inkrafttreten), and master examination paper (Meisterpriifungsarbeit).

As some parts of the regulations have moved, became less relevant or got added later,
the frequency of the ten most frequent paragraphs in each year was considered. The plot
in Figure 3 shows this evolution for VET regulations. If one of the values in the lower
plot is larger than one, it means that a paragraph occurred multiple times within one
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Fig. 2: The 25 most frequent headlines of paragraphs in the selected CVET regulations.

regulation, e.g., in regulations for an industrial sector. For example, in 1999, the regulation
on vocational training in the construction industry (Verordnung liber die Berufsausbildung in
der Bauwirtschaft), contains regulations for eighteen specializations, each of them having its
own paragraph for report book (Berichtsheft), causing the number of occurrences in this year
to be almost 250%. The mean length of the general training plan (Ausbildungsrahmenplan)
is much longer in regulations from 1971 to 1973 than for most of the rest of the years
where this paragraph was included. In these years, the general training plan was described
in the respective paragraph. Starting from 1974, the general training plan still has its own
paragraph, but all details are explained in the appendix, making this paragraph much
shorter. Most of the other paragraphs have the same length, except for the final examination
(Abschlusspriifung), which has fluctuating values. This is also due to the fact that a new
examination structure was introduced in 2002, the final examination in two parts that fall
apart in time (Abschlusspriifung in zwei zeitlich auseinander fallenden Teilen, § 37 BBiG)
or journeyman’s examination in two parts that fall apart in time (Gesellenpriifung in zwei
zeitlich auseinander fallenden Teilen, § 31 HwO).

This form of final examination is better known as the extended examination (Gestreckte
Priifung), extended final examination (Gestreckte Abschlusspriifung, GAP), extended jour-
neyman’s examination (Gestreckte Gesellenpriifung, abbreviated GGP). This examination
structure is mapped differently to the traditional examination structure of intermediate ex-
amination (Zwischenpriifung) and final examination (Abschlusspriifung), which is reflected
in shorter paragraphs.

The paragraph length evolution of the ten most frequent CVET headlines is shown
analogously in Figure 4. Although it is among the ten most frequent headlines, the job
profile (Berufsbild) appears only from 1971 to 1999 with some gaps where it is not found in
any regulation. It is also by far the longest paragraph when considering the average word
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Fig. 3: The upper plot shows the evolution of mean paragraph length in number of words for the ten
most frequent paragraphs in VET regulations. The lower plot illustrates the percentage of regulations
that contain that particular paragraph in each year. Values greater than 100% indicate that a regulation
was for multiple different specializations or professions.

count. The entry into force (Inkrafttreten) occurs in nearly all regulations almost every year
from 1975 to 1999 and has short but fluctuating length during this period. Starting from
2000, it has almost the same length in each year but is only in 10 — 65% of all regulations.
The length of transitional provision (Ubergangsvorschrift) paragraph fluctuates over the
years but becomes longer in average. In general, most of the paragraphs have inconsistent
word counts, do not occur in all years, and it seems that there is not really a correlation
between the occurrences of different paragraphs.

Even though the page numbers can also be taken from the input images and OCR result,
this information is still kept by the generated transcripts. To get a first insight into document
lengths, the distribution of page counts for VET and CVET regulations is plotted in Figure 5.
While about 550 of the regulations have at most forty pages, there are also eighteen
regulations with up to 120 pages. These longer regulations are again mostly for industrial
sectors or multiple professions in one document which makes them more extensive.

Overall, a large proportion of the continuing training regulations are shorter than the
regulations for training occupations. The brevity compared to training regulations mirrors
that advanced vocational training regulations are de facto advanced training examination
regulations. The content focuses on individual aspects of the examination procedure, while
the other typical components of training regulations are missing. The longest of these is
about 25 pages long. The biggest regulation that gives the outlier with 26 pages in 2009 is
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Fig. 4: The upper plot shows the evolution of mean paragraph length in number of words for the ten
most frequent paragraphs in CVET regulations. The lower plot illustrates the percentage of regulations
that contain that particular paragraph in each year. Values greater than 100% indicate that a regulation
was for multiple different specializations or professions.
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Fig. 5: Distribution of page counts for VET (left) and CVET (right) regulations.
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the Regulation on the examination for recognized advanced training qualifications in the
media industry (Verordnung iiber die Priifung zu anerkannten Fortbildungsabschliissen
in der Medienwirtschaft). Besides these observations, there are no other irregularities or
unusual features in the plot.

The more structured data set allows to count the number of paragraphs in each regulation. The
distribution of regulation lengths in number of paragraphs for VET and CVET regulations
is displayed in Figure 6. Figure 6a shows that most VET regulations consist of eight to
twenty paragraphs. There are a few regulations with over thirty paragraphs but these are rare.
However, there are some regulations with over ninety paragraphs for an industrial sector
such as the regulation on vocational training in the construction industry from 1999 which
contains the regulations for eighteen specializations where the same paragraph can be within
each specialization. For the CVET regulations, as shown in Figure 6b, most regulations are
between seven and twenty pages long. The longest regulation is 32 paragraphs long and
again in an industrial sector, the regulation on continuing vocational training in the field of
information and telecommunications technology from 2002 with two specializations.
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Fig. 6: Distribution of paragraph counts for VET (left) and CVET (right) regulations.

The final step is the wording analysis using the relative frequency of the ten most frequent
words in each year. As shown in Figure 7, the word knowledge (Kenntnis) occurs almost
twice as often from 1971 to 1976 as in later regulations. Due to the tabular representation
of some information in later regulations, this word is required less often as it may only be
used in a table header once per page instead of being used in multiple sentences. Noticeable
is also that the shapes of the lines for temporal (zeitlich), guideline (Richtwert), week
(Woche) look very similar. General training plans (Ausbildungsrahmenplan) often have a
time column, named temporal guidelines in weeks (zeitliche Richtwerte in Wochen). Also,
until 1998, training year (Ausbildungsjahr) runs close to these lines. The line gets closer to
zero starting from there since in the appendix tables, columns like time guidelines in weeks
in training year (Zeitliche Richtwerte in Wochen im Ausbildungsjahr) are either less present
in later regulations or replaced by columns like time reference values in weeks in the training
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month (Zeitliche Richtwerte in Wochen im Ausbildungsmonat). Starting from 1977, similar
behavior is observed for the words knowledge (Kenntnis) and skill (Fertigkeit). Again, these
two words can be found in multiple training plans with a column named skills, knowledge
and abilities to be taught (Zu vermittelnde Fertigkeiten, Kenntnisse und Fihigkeiten).

Relative word count evolution over years
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Fig. 7: Relative frequency of the ten most frequent words across all VET regulations in each year.

The result of this wording analysis for the CVET regulations is shown in Figure 8. Reflecting
that CVET regulations are advanced training examination regulations, the word examination
(Priifung) is the most frequent word in almost all years. The word examination (Priifung)
is the most frequent word in almost all years. While knowledge (Kenntnis) also has the
highest frequency in some years, starting from 2001, it is hardly used. Although it hardly
occurs in early years, assess (bewerten) appears more than twice as often as before and in
2022 even as the most frequent word. Section (Absatz) becomes significantly more frequent
in 2010 and has a small drop afterwards. In this year, many regulations had references to
other paragraphs where specific sections have been referenced. Besides that, there are many
fluctuations in the curves and hardly any correlations among the ten selected words.

5 Summary and Outlook
We presented results of a corpus analysis that was conducted on automatically generated

document transcripts of over 900 German VET and CVET regulations to assess the usability
of the digitized documents and to show the necessity for document digitization methods
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Fig. 8: Relative frequency of the ten most frequent words across all CVET regulations in each year.

that maintain the logical text structure and hierarchy. This paper focused on the transcript
processing to demonstrate the advantages of fully structured text and illustrates that even
simple analyses require more information for better document understanding.

The used pipeline will currently only work on text with a specific structure. Although this
has not been tested, the pipeline should work on most texts that have been published in
the Federal Gazette. While machine learning approaches allow for more flexibility, they
still need to be fine-tuned for our data set. For better accuracy, we will label training data
and apply object detection methods in a future project to improve OCR quality through
better page segmentation and better structure recognition by classification of text areas
into different categories. While the corpus analysis gives first insights and shows possible
investigations on an introductory level, other metrics such as correlation between words
should be considered for a deeper insight. Once the pipeline produces high quality image
transcripts, the creation of linked data can make our approach interoperable for more
labor market research. This includes social media analysis [D622b; DT23], historical and
longitudinal analysis [DWB22], ontology and knowledge graph driven approaches [D523],
job advertisement or other labor market data analysis [DD23; DSH23; FDF23].

While our approach is both working and provides substantial results, the corpus analysis
on the open available VET and CVET regulations is only a first step, showing that even
simpler text processing methods depend on structured text. For a more comprehensive
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research on training programs in the past century, we aim to create transcripts of all VET
and CVET regulations in the BIBB job archive. This will not only enable structure analyzes
of each document but also make text mining easier to extract structured information from
all documents. Currently, the developed pipeline for automated document transcription is
being advanced and the paper documents are being scanned. Once the archive is available
in the target data format, text mining methods can be used to create structured data sets in a
standardized format.
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