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1 Introduction

Court rulings have a long history in human societies and especially in the modern
German society they are used from various parties like companies, private persons
or organizations to inform themselves about their rights and how they are

Since the decision of the Federal Court of Justice in 2017 all of the court rulings in
Germany need to be publicly accessible by anyone of interest in reading those,
which can be looked up in the court ruling with the file number IV AR (VZ) 2/16. But
not every country can keep up with the increasing workloads towards their specific
legal system. Worse and intransparent functioning court systems in other nations like
India or Italy show what an neglection of technological progress can result in, while
the demands for transparent jurisprudence keeps increasing [1][2].

Due to a lot of manual and repetitive labor done by lawyers and judges, which was
confirmed during the guided research done in this thesis, also the German court
system is facing issues, which have to be taken care of to prevent negative
consequences as seen in other legal systems. Here the scientific field of computer
science in cooperation with legal science can support innovative and responsible
approaches to encounter the previously mentioned and other problems. This thesis
should therefore discover hidden possibilities and opportunities for improvement of
the German court system while focusing on one of the main parts of that, the court
rulings themselves [3]. The main point of focus there lies in the core part of German
court rulings, which comprises the quintessence of those, named the civil tenor or
just tenor.

In the meanwhile the field of machine learning, a subfield of computer science mostly
based on mathematical statistics and probability theories, made huge advances
mostly due to newly available computation powers, better computational algorithms
and data structures and huge amounts of data, which can be processed in a
tremendous time and storage performance and reliability [4]. In this scientific work
only techniques and concepts from the subfield of supervised machine learning were
used. Algorithms from this area try to learn the relationships between different kinds
of data points, mainly utilizing statistical models and splitting the data into training,
validation and test sets [5]. Commonly large data sets are necessary, so one part of
this thesis focused on the collection, labeling and preparation of an German court
ruling corpus. As the tenor consists of three main parts, where each of those parts
can be modeled as disjoint classes, we tried to answer the research questions using
multi class text classification algorithms. This provided us a good possibility to
automatically extract legal consequences from raw tenor text data.

The other part of interest in this thesis, named instance trains of the German court
system, consists of three related tenors, which are ordered in a hierarchy described



nearer in the theoretical background chapter. A combination of multi class text
classification was used to derive the legal consequences for the second and third
instance from the highest instance, called revision instance.

Giving a short overview of the contents of this paper, the first chapter briefly
summarizes related works done in the past towards establishing legal corpori and
classifications done with legal text data.

The overall research approach is stated in the following chapter and was taken to
answer the stated research questions using guided research with stakeholders from
the domain of the German civil court system.

The subsequent chapter provides a theoretical basis over the German court ruling
system and also the theoretical concepts from natural language processing
(abbreviated NLP) used to preprocess the tenor data and understand the supervised
machine learning algorithms in detail.

The fifth chapter portrays the collection, labeling and distributions of different types of
tenor and court ruling data used to establish and validate the text classifications.
Thereafter the build NLP pipeline is explained in detail and how the previously
described algorithms and machine learning models have been implemented using
which kind of supportive libraries and functionalities.

Consequently, the metrics used to evaluate the performance of the implemented text
classifiers are explained. Also the results from the baseline algorithms and how they
relate towards the interview results are displayed and described briefly.

The last part of this thesis makes conclusions over the results, while explanations for
the algorithm performance are stated, and gives possible outlooks for future works to
enhance or advance the provided baselines through this scientific work.



2 Related Work

Supervised machine learning algorithms have been applied already to many different
types of problems like estimating fluid flows, learning of objects and edges
boundaries and also for text classification. [6][7]

Leitner et al. mention that a current issue of text analysis research is the lack of
freely available datasets. They therefore established a freely available dataset
containing German court rulings from the years of 2017 and 2018, under a creative
common license. 705 documents were collected and annotated for the task of
Named Entity Recognition (NER), whereas 107 court decisions from seven different
courts allocated in Germany were collected. The courts were the following: Federal
Labour Court (BAG), Federal Fiscal Court (BFH), Federal Court of Justice (BGH),
Federal Patent Court (BPatG), Federal Social Court (BSG), Federal Constitutional
Court (BVerfG) and Federal Administrative Court (BVerwG). [8]

Ashely et al. examined the question how information can be extracted from already
made court rulings and how these information can be used to predict the outcome of
new law cases in terms of correct or abstinent decisions made by the classifier. The
classification task was to assign one of the 26 Factors to each of the specific
sentences out of a given case text. The case texts were split into the two groups for
the training and classification phase. The sentences were mostly represented by the
Bag-Of-Words approach.

They stated that Support Vector Machines tend to work better with larger sets of data
then they had, the size of their dataset was 146 legal case texts. Their naive bayes
classifier reached the 3rd highest accuracy with 86.4%. Whereas their logistic
regression classifier had an overall accuracy of 83.7% [9]

Urchs et al. tried to classify different legal writing styles of lawyers using binary
classification algorithms. They also stated that the publicly available already
annotated corpora of German legal texts are rare. They crawled 30,000 court rulings
from the official higher regional court of Bavaria, where they annotated 200 of them,
but postponed further classification into the future. So they don't provide any results
or metrics for their classifications. [10]

PranckeviCius et al. presented a research paper comparing naive bayes, random
forest, decision tree and support vector machines performance for the problem of
multi class text classification. They instrumentalized Amazon's customers’
product-review data, where the customers’ review fields were extracted and the
related ratings, on a scale going from one to five, were assigned to those text
reviews. The total amount of text reviews they used was an m = 2,638,274.



The classifiers therefore needed to assign one of the five classes to each text review
and were trained and evaluated using cross validation with a folding factor of 10.

The performance results of the best performing classifier, the logistic regression
multi class classifier, were between a minimum of 32.4% and a maximum of 58.5%,
depending on the length of the factor » used in the n-gram bag-of-words approach.
Whereas unigram, bigram, trigram, uni-/bigram and uni-/ bi-/ trigram n-grams were
utilized. The other performance results delivered similar values, while all of them
were lying in an interval with minimum of 24.1% and an maximum of 58.5% of
average accuracy. [11]
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3 Research Approach

3.1) Research Questions

The main goal of this thesis is to answer the following two research questions:

1. Which techniques and concepts, from Natural Language Processing in the context
of German (semi-) structured texts, can be used to automatically extract legal
consequences from a given tenor ?

2. To what extent can the legal consequences from prior instances be derived by the
tenor from the last instance, and is it required to consider other parts of the court
rulings as well to make the derivation more accurate ?

First of all the legal consequences needed to be defined and the manual process of
extracting those from a given tenor had to be examined. The term of legal
consequences is defined in the chapter Theoretical Background under section
German court system in the subsection Judgement Tenor in the German Civil
Procedure. Whereas the tenor is always part of a court ruling, the structure of court
rulings had to be considered also. Thereafter the field of Natural Language
Processing was investigated and suitable concepts and techniques were determined
to automate the extraction of legal consequences.

Especially for the second research question the German court system needed to be
analyzed in detail and other parts of german court rulings considered. More on the
relationships between the different court instances will be described in the
Theoretical Background chapter, in section about the German Court System.

3.2) Research Method

A comprehensive understanding of the interdisciplinary domain of computer science
and jurisprudence is needed to answer the research questions and create new
insights.

Therefore the applied research method follows the principles of design science [2],
rather than the goals of behavioral science.

In the field of interest are different people such as lawyers and judges whose current
needs and problems are assessed, as well as civil courts and publicly available

11
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Figure: Design Science Approach [12]

court database systems. To generate utility for those stakeholders it was needed to
gain further information and a better understanding of the underlying domain, in

our case the civil procedure law. Those persons, organizations can be mapped to
the

environment part and the collected court rulings and laws to the knowledgebase of
the overall design science approach, shown in Figure 2.1. [12]

Design science therefore has two core activities, building and evaluating [13].

The next steps therefore were to develop new artifacts, validate our research
hypothesis, and evaluate the utility gain for the people and their environments.
Generation of new insights which enhance the knowledge base further is an
additional benefit. A new generated artifact may add value only to the environment
as the corresponding theory is missing or a newly generated theory may not be
applicable as the environment is still in lack of the necessary applications or
technologies to benefit from the new theory. [12]

3.3) Interviewing Judges of German Civil Courts

The dive into the particular environment of civil law and the German court system
was

done by setting up guided research interviews with the involved people in their roles
using a prepared questionnaire.All of the interviewed persons were currently or had
been holding the role of a court judge. An amount of 119 civil court contact data was
prepared, where a part of them was contacted and 5 particular judges responded
agreeing to participate in guided research interviews.

12



Furthermore the guided interview with the judges was prepared and executed in the
form of an online questionnaire. It consisted of the following questions:

e Which activity do you perform full — time and how long are you in the
business?

e How old are you?

e How would you classify your affinity with technology like software and how
would you describe your handling?

e How do you use information about the tenor in your work?
e Which part of the tenor do you use the most?

e When you are reading a judgment of the BGH, how much can you tell about
the tenor of prior instances? What would help you to predict the tenors of
prior instances ? Which benefit would this generate in this moment of
reading?

e How many court rulings do you read within a workweek? How often are you
only interested in a specific legal consequence like: 1. main decision —
success, 2. cost decision and 3. Enforceability?

e Court rulings of which field of law do you read most often?
e Which problems do you see wenn working with one or more tenors?

e Doing research | found that court rulings of the BGH in ca. 99% don’t have
any message about enforceability. What is your opinion about this?

e If you had a tool in the form of a software, which could evaluate german court
rulings easily and fast, which criteria would you search?

e If you had a tool in form of a software, which could evaluate the tenors of
german court rulings easily and fast, which criteria would you search?

The questions were answered by a corpus of judges aged 28 to 56.

The affinity towards technology and software was generally in the middle of a scale
going from very low, marked with the number one, to very high, marked with the
number five.

They all stated that they read approximately two to three court rulings completely
throughout a work week and scan more than twenty court rulings. Most of the time
the tenor and the legal consequences of the case are not in their main focus. Some
of them stated that their main authority included pieces of software into their day to
day workflow using functionalities like keyword search. All of them are mostly
satisfied with it, but some of them stated that there could be a better implementation
of a more intelligent keyword search in regards to the combination of single
keywords. Each of the interviews can be found in full length in the Appendix.
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4 Theoretical background

4.1) German court system
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The German court ruling system is a hierarchical system containing three layers
divided into the categories of ordinary, administrative, financial, labor and social
jurisdiction (Art. 95 GG). Each of those jurisdictions is responsible for a specific part
of the German law. The scope of this thesis will only consider the ordinary
jurisdiction and in there the civil jurisdiction, leaving out the field of criminal
jurisdiction.

4.1.1) Civil Jurisprudence

The basic structure of the civil jurisprudence can be found
(Zivilprozessordnung; Nr. 100 Schonfelder) and

in the ZPO
the GVG
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(Gerichtsverfassungsgesetz; Nr. 95/Schonfelder). §1 ZPO states that the factual
responsibility is declared by the GVG. Moreover the local jurisdiction is clarified in
§§12 ff.ZPO. Due to its importance the basic guidelines are very clear. It has to be
close to the users and the claimant has to sue the defendant in his local jurisdiction
(fundamentally his place of residence §12 ZPO). To ensure a good working,
hierarchical system the courts and their responsibility are divided and classified by
the GVG. The ordinary jurisdiction is divided in the District Court, Regional Court,
High Regional Court and the Federal Court of Justice (§12 GVG), where the naming
is implying a sorting from lowest instance, named “Erste Instanz” in the German
language, to highest instance, named “Revisionsinstanz” in the German language.
Above the Federal Court of Justice there is the European Court, It isn't part of the
German jurisdiction but an independent body of the European Union. Therefore it's
further consideration is not part of this thesis.

Systematically ordered the claim also has to follow a certain rule-set. The suit has to
be failed at the first instance. This can either be the District Court or the Regional
Court depending on the allocation in the GVG, and in a special case
(Musterverfahren nach dem Kapitalanleger-Musterverfahrensgesetz, §118 | GVG)
[15] the Higher Regional Court. At the end of the trial there will be a decision.
Following this decision either party can make a vocation (§§511 ff. ZPO). Then this
case will be looked at again from the next higher level of jurisdiction, the appeal
instance (“Berufungsinstanz”), and decided.

Afterwards the parties can then file a revision (§§ 542 ff. ZPO), if they aren’t satisfied
with the new decision made. The revision goes to the third instance, which is again
the next higher court also called revision instance (“Revisionsinstanz”). Although
there are some exceptions (family procedures (§ 119 | Nr.1 ZPO) and complaints (§§
567 ff. ZPQ)) the basic system follows the hierarchical structure.

The tasks and organisation of the District court are written in §§22 ff. GVG (,Dritter
Titel. Amtsgerichte®). Basically it is responsible for civil litigation till a dispute value of
5000 Euros or if there is a special allocation (§23 GVG). Furthermore the tasks of the
Regional Court are outlined in §§59 ff. GVG (,Funfter Titel. Landesgericht). They are
responsible for appeals and special assignments. Jurisdiction further above the
Regional Court is only responsible for appeals of the entities beneath them (§§115
ff.; §§123 ff. GVG)[15]. Ultimately every operational level has the obligation to
discuss the cases in their jurisdiction and to make court rulings publicly available.
(BGH, Beschluss vom 05.04.2017 — IV AR (VZ) 2/16)

The hierarchical system reflects itself in the structure and the numbers of the
different courts. In Germany we have 777 courts of the ordinary jurisprudence, which
of 638 are District Courts, 115 are Regional Courts and 28 are Higher Regional
Courts.

15



There is only one Federal Court of Justice in Karlsruhe; Baden-Wuerttemberg. The

federal distribution is as follows:

Baden-Wuerttemberg:
1. District Court 108;
2. Regional Courts 17;
3. High Regional Court 2;

Bavaria:
1. District Court 73;
2. Regional Courts 22;
3. High Regional Court 3;

Berlin:
1. District Court 11;
2. Regional Courts 1;
3. High Regional Court 1;

Brandenburg:
1. District Court 24;
2. Regional Courts 4;
3. High Regional Court 1;

Bremen:
1. District Court 3;
2. Regional Courts 1;
3. High Regional Court 1;

Hamburg:
1. District Court 8;
2. Regional Courts 1;
3. High Regional Court 1;

Hesse:
1. District Court 41;
2. Regional Courts 9;
3. High Regional Court 1;

16



Mecklenburg-Western Pomerania:

1. District Court 10;
2. Regional Courts 4 ;
3. High Regional Court 1;

Lower Saxony:
1. District Court 80;
2. Regional Courts 11;
3. High Regional Court 3;

Nordrhein-Westfalen:
1. District Court 129;
2. Regional Courts 19;
3. High Regional Court 3;

Rhineland-Palatinate:
1. District Court 46;
2. Regional Courts 8;
3. High Regional Court 2;

Saarland:
1. District Court 10;
2. Regional Courts 1;
3. High Regional Court 1;

Saxony:
1. District Court 25;
2. Regional Courts 4;
3. High Regional Court 1;

Saxony — Anhalt:
1. District Court 25;
2. Regional Courts 4,
3. High Regional Court 1;

Schleswig — Holstein:
1. District Court 22;
2. Regional Courts 4;
3. High Regional Court 1;

Thuringia:
1. District Court 23;
2. Regional Courts 4;
3. High Regional Court 1;

17



4.1.2) German court rulings

A court ruling is generated through the judgment of the judge at the end of a litigation
(§300 ZPO). The format of German court rulings is defined in §§313 ff. ZPO. The
basic verdict contains three different parts, whereas the judgement head contains
the rubrum and the tenor of a court ruling. The particular parts of an court ruling can
in principle be categorised as follows:

» Judgement Head
> Rubrum
* File number
= File keeping authority
= Process requirements of the parties
= Judgement sentence
> Tenor
= Main decision
= Cost decision
= Provisional enforceability
« Offense
* Reasons for decision

The final form of the verdict depends on the art of the claim and the decision of the
court. It is too versatile to name all possible options here. The file number has to be
an unique identifier for the court rulings as stated in the file regulations law of
Germany for the corresponding courts in the civil jurisprudence, e.g. the higher
region court of Bavaria.

18



4.1.3) German Court Ruling Instance Trains

First Instance i
(German: “Eingangsgericht”) Appeal Revision Instance
AG (§ 23 GVG) —» LG(§72GVG)
f. KfH (§ 100 GVG)
* S BGH
LG (§ 71 GVG) OLG(§119 Abs. 1 P4 (85 133 GVG, 542 ZPO)
ggf. KH(895GVG)  — > Nr.2GVG)

Figure: General Instance Train occurrences
Source: Own illustration based on Mascholleck ZPO, Rn.13; 21. Auflage 2017

An instance train (German: “Instanzenzug”) is a transfer of a case to the next higher
competent court. To make a full instance train one of the parties would have to make
an appeal (second instance) after the first instance and after that they would have to
make a revision (third instance). All of the regular possibilities can be seen in Figure
41, as there exists exceptions where an instance train can consist of an court ruling
from an OLG, LG and AG court type. In Figure 42 the “AG” is the German
abbreviation for district court type, “LG” is the German abbreviation for regional court
type, “OLG” is the German abbreviation for higher regional court type and “BGH” is
the German abbreviation for the Federal Court of Justice.

Following the pattern: of “Revision Instance - Appeal Instance - First Instance”, these
are all of the possibilities a instance train can have:

-OLG-LG-AG
-BGH-OLG - LG
-BGH-LG-AG
-BGH - OLG - AG

19



4.1.4) Judgement Tenor in the German Civil Procedure

The Tenor (§313 | Nr.4 ZPO) is the main information source, therefore it has to be as
short and precise as it can be. It reflects the decision regulated by the claim. As
already mentioned the Tenor contains the main decision, the cost decision and
statement of the provisional enforceability. Sometimes it may include procedural
secondary decisions. The Tenor is a reflection of the claim and it should linguistically
be as near as possible to the original lawsuit (§308 | ZPO).

1.) Main decision

Furthermore the main decision has to implement the outcome of the procedure.
There are set
possibilities for the outcome. The claim can either be:

1. Successful

2. Not successful
3. Partly successful
4. Undecided

Whereas undecided means that the claim didn’t have to come to judgment, because
the lawsuit itself has for example been overruled (e.g.: if the lawsuit is about
surrender claims, but the object, which has to be surrendered, is broken.)

2.) Cost Decision

The tenor also contains a cost decision. Pursuant to Section 308 Il ZPO, the court
shall decide on the costs of the proceedings in the judgment on its own initiative
without a request from the parties. However, judgments that do not conclude the
respective instance do not contain a decision on costs. These include, for example,
the partial judgment (§301 ZPO), the basic judgment (§304 ZPO) and the interim
judgment. Money spent on the process counts

towards legal costs (§ 308 Il ZPO) or costs of the legal dispute (§ 91 ZPO).[16]

The cost decision can be either that:

The plaintiff is bearing the costs

The defendant is bearing the costs
Cost sharing between the two parties
Cost cancellation

No cost decision is made at all.

O LON~

3.) Enforceability

20



Moreover, the court must, in principle, ex officio declare any final judgment
provisionally enforceable pursuant to §§708,709 ZPO. However, if it is not a final
judgment §704 ZPO enables the execution from a ruling that is not yet legally
binding. The risk associated with provisional enforcement must then be borne by the
enforcement creditor, in the event of a successful appeal. The enforceability decision
can be either: [16]

Provisional enforceability

Provisional enforceability against a security deposit

Provisionally avertable

No enforceability decision made

e\

4.) Procedural Secondary Decision
Further subsidiary decisions can also be decided in a tenor. In principle, it contains
whether an appeal is allowed or, for example, whether a provisional judgment is
issued.[16]

Legal consequence is the (abstract) consequence of the law prescribed by a legal
proposition (for an abstract fact). They describe what the main outcome for the two
involved parties is, how much of the costs who has to bear and how and when those
costs are enforced to be paid.

Therefore legal consequences are defined through the three main parts of the tenor,
the main, cost and enforceability decision.

4.2) Natural Language Processing
on German Civil Text Data

4.2.1) Natural Language Processing

Approaching the research questions stated before one has to consider that the court
rulings and the included tenors will be available in the form of textual data, maybe in
different kinds of document formats like PDF, embedded in HTML tags and etc. As
the manual extraction of various information from court rulings and tenor data is not
feasible and scalable, automatization through reliable software is preferred.

Therefore the knowledge and usage of particular techniques and concepts from the

field of computer science called natural language processing, often abbreviated as
NLP, are needed.
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Natural language processing can be defined “as a theoretically motivated range of
computational techniques for analysing and representing naturally occurring texts

at one or more levels of linguistic analysis for the purpose of achieving human-like
language processing for a range of tasks or applications”. [16]

There are different kinds of approaches towards natural language processing which
can be categorized into three distinct classes, which are the symbolic, the statistical,
and the connectionist approach, and the hybrid one combining diverse aspects of the
other ones [16]. The symbolic approach analyzes linguistic phenomena in detalil
while focusing on the explicit representation of the particular language. Grammatical
rules and lexicons are the main source for the symbolic approach and so rule based
systems are a good example for that approach.[16]

The connectionist techniques have their origin in the field of computer design
imitating the human brain, also known as parallel distributed processing or
neuro-computing, while being seen as a highly controversial set of techniques and
methods by many researchers in the field of NLP [17].

The connectionist modeling of natural language could be seen as the root of multiple
theories and models in the field of machine learning and deep learning as the main
idea represents the abstract modeling of the human brain. A simple connectionist
model therefore would be “a network of interconnected simple processing units with
knowledge stored in the weights of the connections between units” [16].

The statistical method uses probability and information theory to generate general
models and approximations of linguistic phenomena found on examples occurring in
large text corpora and without additional linguistic knowledge or rules [16].

Some of the probabilistic models used in the statistical approach are the Markov
Model, the Bayesian Network, Hierarchical Bayesian Network or the Hidden Markov
Model [16][18].

Another perspective on the field of NLP comes from the fact that actual meaning is
grasped and learned through different levels of language. Those levels can be
divided into the following stages:

- Phonological level, deals with the interpretation of speech sounds

- Morphological level, focusing on the componential nature of words

- Lexical level, describes the meaning of individual words

- Syntactical level, observing grammatical structures in combinations of
multiple words or particular sentences

- Semantical level, investigates possible meanings of words and
sentences while considering the combination of multiple senses of
words

- Discourse level, concentrates on the properties of large texts as one
holistic component utilizing the connections between sentences
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- Pragmatic level, tries to explain how external knowledge and meaning
is involved in the understanding of complete texts, without being
mentioned in them and focuses on context rather than on the content
of the actual texts

where the first four levels are referred to as the lower levels and the last three levels
as the higher levels of language [19].

Besides theoretical knowledge and models, NLP also provides numerous amounts of
well tested and researched implementations. Concepts from NLP are often used in
disparate applications and solving various problems. Besides information retrieval,
information extraction, machine translation, dialogue systems there are also the
activities of text generation, text similarity and text classification. In the following part
some of those applications will be explained in more detail, while the others won'’t as
it would exceed the scope of this thesis [20].

4.2.2) NLP Pipeline for Text Classification

Although the typical NLP applications may differ, most of them demand for multiple
steps to be executed before the raw text data can be used for further computations
and target specific utilizations, like answering specific research questions. Hence
standardized modules for so called NLP pipelines have been developed to reduce
the redundancy of implementing the same functionalities and to provide a better way
of comparability.

In Figure X a typical NLP pipeline consisting of various modules is shown and such a
pipeline is used in the methodology chapter for the implementation of our theoretical
modeling of the German court tenor classification and the derivation from legal
consequences given a German court instance train. In the following each component
of the pipeline will be described and explained further.
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Figure: Typical NLP Pipeline (Own creation)

4.2.2.1 Data Preprocessing

The preprocessing of data is an important task when dealing with unstructured or
semi structured text data [21]

Therefore we took advantage of different preprocessing techniques, which will be
characterized in the subsequent paragraph.

a) Stopwords and Tokenization

Tokenization describes the process of splitting parts of text data into particular parts
called tokens. Those tokens then can be single ones like words, or the combination
of tokens used as sentences or phrases.

Parts of the text data that have small to non semantic meaning need to be removed.
Some of those are stopwords and occur in general in all kinds of text documents, but
don’t need to be classified. Stopwords are words that occur in the majority of the
documents or texts to be classified and thus carry little information. Stopwords are in
general removed from the data set [22].

b) Stemming and Lemmatization

As words can occur in different variants and conjugations or declinations the
processing of their archetype. The two most often used techniques therefore are
lemmatization and stemming. Using lemmatization we replace or remove the suffix of
the word with another suffix or leave it out completely. When using stemming we try
to modify the archetype of a word with multiple additions or subtractions of affixes or
suffixes or combinations of both [22]
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4.2.2.2 Feature Engineering

After preprocessing the words and sentences we need to change their form
representation to make computations possible. Therefore the step of feature
engineering or processing is needed, where we map each of the words towards a
vector in the feature space where geometric calculations as distance measures and
others can be applied.

a) Frequency based
Left out due to time missing for writing would have cited kowarski et al.[22]
b) Embeddings
Left out due to time missing for writing would have cited kowarski et al.[22]
4.2.2.3 Modeling for - Research question 1 & 2

Multiple modeling approaches from the field of Natural Language Processing exist as
stated before. They would allow a suitable extraction of the legal consequences from
one given tenor for the corresponding court ruling and also the derivation of the legal
consequences from a given tenor of the revision instance for the appeal and first
instance could be done by those.

One of those is the application of text classification. Text classification is the task of
assigning given classes y1, y2, ..., yn to a given input set X with the elements x1, x2,
sy XM

Where the amount of available classes can vary, as the class set Y can have a
minimum of two and a maximum of unlimited many class elements [23].

f:X-Y

Another suitable approach would have been to generate civil tenor texts from given
legal consequence and then check the text similarity of the generated with the
original civil tenor texts. So, the legal consequences would be one of the possible
input parameters for the tenor text generation and using the text similarity check, the
legal consequences could be adjusted till one reaches the wanted similarity grade or
almost equality. This approach would be suitable for trying to answer first and
second research questions moderately.

Therefore, the text classification approach has been taken to answer both research

questions, as the generation of German legal documents is not yet enhanced
enough in terms of preciseness, accuracy and domain specificity.
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In the Outlook chapter methodical suggestions will be provided for implementation of
the second approach for modeling both research questions [24].

a. Text classification approaches
1. Multi class text classification

Left out due to missing time left for the writing

2. Multi Label text classification

It is important to state that the multi label text classification is not a suitable
approach and model for the task of classifying tenor data. As each of the
specific tenor parts can only be assigned exactly one class. Currently there
exist no cases where the main, cost or enforceability decision of a particular
tenor would be assigned to more than exactly one class, rather than being so
uncommon so this tenor part is then considered an exception.

Therefore we concluded not to try to model neither of the two research
questions as a multi label text classification problem.

Explain how you can implement text classification there are and why we did kind of
took advantage of both:

Doing text classification the two main approaches can be classified into a rule based
one and a statistical based one, which we mainly used in the implementation part of
this thesis. The rule based approach was kind of like utilized by us during the
annotation of the raw tenor data.

We further want to examine the mathematical foundations behind the machine
learning algorithms used and also explain their functionality shortly

a) Statistical ones — Statistics based (we did implement algorithms) —
Explain the algorithms:

I Support Vector Machines
Left out due to missing time left for the writing, would have cited [22]

ii. Logistic Regression
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Left out due to missing time left for the writing, would have cited [22]
ii. Random Forest

Left out due to missing time left for the writing, would have cited [22]
iv. Multinomial Naive Bayes

Left out due to missing time left for the writing, would have cited [22]

V. Advanced - Long Short-Term Memory (Bi-RNN, Deep Learning)
Left out due to missing time left for the writing, would have cited [25]
Vi. Advanced - Few shot Learning (Deep Learning)

Left out due to missing time left for the writing, would have cited [26]

We also shortly want to mention common modeling pitfalls and some solutions how
those can be avoided [27]

a) Overfitting: In overfitting, a statistical model describes random error or noise
instead of the underlying relationship. Overfitting occurs when a model is
excessively complex, such as having too many parameters relative to the number
of observations. A model that has been overfit has poor predictive performance,
as it overreacts to minor fluctuations in the training data.

Small data sets results in high variance - Trade off between high variance and
low bias

i Solution:

I. Regularization: We’ll have to use large amounts of L1, L2 and other forms of
regularization.

II. Simpler models: Low complexity linear models like Logistic Regression and
SVMs will tend to perform better as they have smaller degrees of freedom.

b) Underfitting:

Underfitting occurs when a statistical model or machine learning algorithm cannot
Capture the underlying trend of the data. Underfitting would occur, for example,
when fitting a linear model to non-linear data. Such a model too would have poor
predictive performance.
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Solution:

c) Oultliers: Outliers have dramatic effects on small datasets as they can skew the

decision boundary significantly

Possible Solutions:

l. Manual removal, which we did for some of the tenor data in
regards of the main decision.

Il. Outlier detection and Removal: We can use clustering
algorithms like DBSCAN or ensemble methods like Isolation Forests

d) High Dimensionality:
As more features are added, the classifier has a higher chance to find a
hyperplane to split the data. However, if we increase the dimensionality without

increasing the number of training samples,
the feature space becomes more sparse and the classifier overfits easily.

Possible Solutions:
a) Decomposition Techniques: PCA/SVD to reduce the dimensionality of the feature

space

b) Feature Selection: To remove features that aren’t useful in prediction.

Due to time constraint missing for the writing part of the thesis the following parts are
left out and not described at all, although the chapter results states some of those
and shows how the prediction and evaluation was done and how the results were
achieved.

Also the practical usage in the chapter methodology shall be of usage for the proof of
profound understanding of the theory behind the used classifiers.

iv. Prediction and Evaluation
i Prediction of the classifier on validation data

Left out due to missing time left for the writing
i. Prediction of the classifier on test data
Left out due to missing time left for the writing

iii. Evaluation of the prediction on test data
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Left out due to missing time left for the writing
iv. Tuning of model parameters to improve the performance

Left out due to missing time left for the writing

Deployment of the classifier to be useable for practical tasks

Left out due to missing time left for the writing
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5 German Court Ruling Corpus

5.1) Creation of the German Civil Procedure Law
Corpus

5.1.1) Data collection

The data sources where the court rulings were collected from were mainly the official
Federal Court of Justice database, reachable under the following URL
“https://juris.bundesgerichtshof.de/”, and the legal information provider of the Federal
Republic of Germany called Juris, which is reachable under the following URL
“https://www.juris.de/”. Other peripherally used data sources were the official web
pages of the different higher regional courts like the north rhine westphalian
jurisdiction database reachable through the URL of “https://www.justiz.nrw/”. Most of
the collected court rulings were available in a PDF format. So therefore no
considerations had to be made regarding the increased efforts if the documents are
only available in mixed document formats like HTML, PalmDoc, OpenDocument and
others.

Court rulings from all of the different court types explained in the theoretical
background chapter were collected and labeled. Also instance trains were collected
and labeled, as they are the necessary data structure to answer the second research
question concisely.
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import sys
import urllib.request
from bsd import BeautifulSoup as Bse

get_hmtl_pageimy_url):
try:
with urllib. request.urlopenimy_url) as response:
html = bsolresponse, “lzml®)
print{"¥alid LRL")
return htal
except IDE o
primt [“Inwalid URL™)
sys.exit()

get_judgement_pdf_urls(html_page, debugg):

judgenent_pdf_urls = []
for a in html_page.find_all{'a'}:
if{‘'class a.attrs | al'class'] = ['doklink'] al'title'] == "Entscheidung anzeigen'):
bph_cgi_url_partl = 'http://juris.bundesgerichtshot. defcgi-bin/rechtsprachungs

if debugg:
print{bgh_cgi_url_partl + a.get{'nhraf'] + '&Blank=1.pdf"}
judgemant_pdf_urls.append{bgh_cgl_url_partl + a.get('href'} + '&Elank=1.pdf")
return judgement_pdf_urls

f extract_urteile_for_Year_X{bgh_webpage_url, path_to_local_storage)

year_x_constant
pages_in_year_x

Idea: extract from main page e.g. http://jurls.bundesgerichtshof.de/cgi-bin/rechtsprachung/list. py?Q

the highest number from the patter ESeite=Number" and use this to determine how many uusetull umlgue

page_urls = []
for 1 in range(d, pages_in_year_x):
page_urls.append(bgh_webpage_url + “GArt=enilatum=" + striyear_x_constant) + “ESeite=" + str{i))
primt({‘\n'.joinimapistr, page wrls)))
total_judgements_number = 1
for page_url in page_urls:
html_page_p¥Year = get_hmtl_pageipage_url]

judgement_urls = get_judgement_pdf_urls{html_page_pYear,
for judgemant_url in judgement_urls

urllib. request.uriretrieveljudgement_url, {path_to_local_storage + striyear_x_constant] + “/bgh_ur : stritotal_judgements_number) #
total_judgements_number += 1
primt({total_judgements_number)
retur

if __name__ == "__main
web_url = sys.argv(1]
pathToLocalStorage = sys.argv{z]]
extract_urteile_for_Year_X{web_url, pathTolocalStoragel

Most of the collection especially for the higher regional, the regional and the district
court rulings, were done manually. For the collection of the court rulings from the
Federal Court of Justice a small crawling program was written with the aim to reduce
manual labor.

The whole corpus with all of its files and the crawling program will be provided to the
SEBIS chair of the Technical University of Munich and from there be usable for
further researching of German court rulings.




5.1.2) Data labeling

The labeling of the tenor texts was done manually by us and using an annotation
manual, which was provided by the SEBIS Chair and further enhanced using
different literature from the civil law field, like the Civil Verdict (German: “Das
Zivilurteil”) by Ralf Kurpat. The tenor text data was extracted manually and stored
inside two different excel sheets. One excel sheet contains the overall court rulings
with mixed court types and the other excel sheet only contains instance trains. The
tenor texts were labeled using single characters.

c) Display and explain labeling distribution
The overall labels used in the shall be listed here, in regards to their specific classes:
b. Main decision labels — names & amount

- Allowance of the lawsuit was labeled with an “E”
and total amount of 832

-  “Dismissal of the lawsuit” was labeled with an “N”
and total amount of 1299

- “Partial allowance” was labeled with an “T”
and total amount of 893

- “No main decision made” was labeled with an “K”
and total amount of 77

c. Cost decision labels — names & amount

- “Plaintiff bearing the costs” was labeled with an ‘K”
and total amount of 1091

- “Defendant bearing the costs” was labeled with an ‘B”
and total amount of 848

- “Cost sharing” was labeled with an “7
and total amount of 578

- “Cost cancellation” was labeled with an “A”
and total amount of 46

-  “No cost decision made” was labeled with an “KK”
and total amount of 538
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d. Enforceability decision labels — names & amount

- “Provisional enforceability (PE)” was labeled with an “VV”
and total amount of 530

- “PE against security deposit” was labeled with an “VS”
and total amount of 492

-  “Provisional avertable” was labeled with an “VA”
and total amount of 1115

- “No enforceability decision made” was labeled with an “KE”
and total amount of 964

As the procedural secondary decisions don't influence the properties or type of the
legal consequences yielded through a civil court ruling, we did not further consider
them while labeling the court ruling corpus. Although they are still provided in the
plain tenor texts, they can be utilized in the future for further considerations and
research.

5.2) Distribution of the Corpus Data

The usage of the court ruling documents and the extraction of the tenor is further
explained in the chapter Methodology.

We got a total amount of 3030 court ruling documents collected, without counting the
instance trains. The distribution of the court rulings amongst the different court types
is stated in the following list:

696 BGH court rulings (PDF)
1366 OLG court rulings (PDF)

434 LG court rulings (PDF)
442 AG court rulings (PDF)
92 KG court rulings (PDF)

were KG is the highest regional court of the federal state of Berlin and therefore can
be seen as other courts of type OLG.

We collected 884 instance trains in total, which makes 2652 court rulings without the

already mentioned ones and as one instance train consists of exactly three court
rulings in our corpus. If we add the court rulings which are part of the instance trains
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we come to a total amount of 5682 court rulings collected for this corpus.

5.2.1) Distribution of the labeled Tenors

We labeled 3101 court rulings in total, wherears 900 of them are court rulings which
are part of the instance trains data. The distribution of those is listed hereafter:

541 BGH court rulings (PDF)
646 OLG court rulings (PDF)
322 LG court rulings (PDF)

298 AG court rulings (PDF)

5.2.2 Distribution of labeled Instance Trains

In total we labeled 300 instance trains, which means 900 court rulings for the second
research question. In the following you can see the court types of the instance
chains that were labeled.

242 “BGH - OLG - LG” instance trains

48 “‘BGH - LG - AG” instance trains

0 “OLG - LG - AG” instance trains

10 “BGH - OLG - AG” instance trains
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6 Methodology

Inspired by one of the standard models for data mining called Cross Industry
Standard Process for Data Mining, short CRISP-DM (Cite Nr 1), the Court Ruling
Mining Pipeline was built to serve as a more holistic solution. To achieve building
such a more sustainable and extensible data mining pipeline, while answering the
two research questions, the building of different modules was needed. Although
some of those modules as the Court Ruling Exploration and the Tenor Preparation
are done manually due to the scope of this thesis, they build a collection of artifacts
as the design science approach advises (CITE: Design Science), which can be
replaced by software in the future.

6.1) The Court Ruling Pipeline

The CRISP — DM life cycle of a data mining therefore contains the following six
phases of Business Understanding, Data Understanding, Data Preparation,
Modeling, Evaluation and Deployment [28]

We adapted most of the modules for our use case [28]:

1 Business Understanding was changed into Domain Understanding

2 Data Understanding was changed into Court Ruling Exploration

3 Data Preparation was simplified into Tenor Preparation

4 Modeling, Evaluation using the theory of  NLP

5 A future deployment could be done as described in the CRISP — DM model
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Figure: Court Ruling Mining Pipeline [28]

6.1.1) Domain Understanding

Left out due to missing time left for the writing

6.1.2) Court Rulings Exploration

The exploration of the overall court ruling data should answer the
following questions

a. How many court rulings are available in general ?
b. How do the tenors vary from the theoretical concept ?

c. How many instance procedures with exactly three court rulings
are available ?
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6.1.3) Tenor Preparation

The preparation of the tenor text was done manually by copying the
needed passages from the collected court rulings, while following the
patterns described in the literature of Krupat et. al. CITE: Krupat

6.1.4) Preprocessing

The tokenization was done by using german and some simple regular expressions to
remove unnecessary white spaces, characters and stopwords from a given library
functionality.

The stemming was implemented using the Snowball stemmer, a particular stemmer
for the German language.

preclean_raw_text_data(raw_tenor_text):

regular_expression_whitespace = re.compile(r'"\s+", re.IGNORECASE)
regular_expression_tags = re.cempile(r"<[*=]+>", re.IGNORECASE)
regular_expression_ascii characters = re.compile(r”[* 1", re.IGNORECASE)
regular_expression_single_characters = re.compile(r"\b[A-Za-z]\b", re.IGNORECASE)

raw_tenor_text re.sub(regular_expression_tags, " ", raw_tenor_text)

raw_tenor_text .sub{regular_expression_ascii_characters, " ", raw_tenor_text)

raw_tenor_text re. sub(regular_expression_single_characters, " ", raw_tenor_text)
raw_tenor_text .sub(regular_expression_whitespace, " ", raw_tenor_text)

word_tokens = word_tokenize(raw_tenor_text, language='german'
words_tokens_lower = [word.lower() for word in word_tokens]

stemmer = SnowballStemmer({'"german")
words_filtered = [ stemmer.stem{word) for word in words_tokens_lower if word not stop_words ]

precleaned_tenor_data = " ".join({words_filtered)
return precleaned_tenor_data

Figure: Preprocessing using regular expressions, tokenization and stemming
6.1.5) Feature Engineering

For the feature engineering we made use of the pre implemented library functionality
of scikit learn for feature extraction and used their TF-IDF Vectorization functionality.
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vectorizer = TfidfVectorizer(

analyzer="word", max_df=0.3, min_df=18, ngram_range={1, 2}, norm="12"

)

vectorizer.fit(tenor _data cleaned)

Figure: Feature engineering with TF-IDF vectorization

6.1.6) Modeling

a) Split of corpus data into learning set (train, validation data) and test data sets

We splitted the tenor data into training and test sets wusing the
sklearn.model_selection.train_test_split functionality provided by the scikit learn
library. This allowed us an automatic separation of training and validation data from
the test data, which till the evaluation of the prediction of the classifiers, should be
unknown to the classifier.

Also the usage of the stratify parameter guarantees that the distribution of the
training labels is replicated into the distribution of the test labels, therefore the issue
of unbalanced label distribution amongst the different classes is faced properly.

tenor_train_data_main_decision, tenor_test_data_main_decision, labels_training_data_main_decision, 1abels_test_data_main_éecision_“
train_test_split(tenor_data_cleaned, tenor_label_data[@], train_size=0.85, stratify=tenor_label_data[@], shuffle=True)

tenor_train_data_cost_decision, tenor_test_data_cost_decision, labels_training_data_cost_decision, labels_test_data_cost_decision
train_test_split(tenor_data_cleaned, tenor_label_datal[l], train_size=@.85, stratify=tenor_label_data[1l], shuffle=True)

tenor_train_data_enforceability, tenor_test_data_enforceability, labels_training_data_enforceability, labels_test_data_enforceability =
train_test_split(tenor_data_cleaned, tenor_label_datal[2], train_size=@.85, stratify=tenor_label_data[2], shuffle=True)

Figure: Implementation of the training and test set splitting using stratify

b. Training the classifiers, doing the prediction and evaluation
We will provide the source code for the linear support vector classifier

implementation as the other baseline classifiers have been implemented following
those patterns and using the same library functionalities from scitkit learn.
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Baseline classifiers:
- Linear SVC

X_train_vec_main_decision = vectorizer.transform(tenor_train_data_main_decision)
X_test_vec_main_decision = vectorizer.transform(tenor_test_data_main_decision)

X_train_vec_cost_decision = vectorizer.transform(tenor_train_data_cost_decision)
X_test_vec_cost_decision = vectorizer.transform(tenor_test_data_cost_decision)

X_train_vec_enforceability = vectorizer.transform(tenor_train_data_enforceability)

X_test_vec_enforceability = vectorizer.transform(tenor_test_data_enforceability)

linear_svc_main_decision = LinearSVC(random_state=1, multi_class="crammer_singer")
linear_svc_cost_decision = LinearSVC(random_state=1, multi_class="crammer_singer")
linear_svc_enforceability = LinearSVC(random_state=1, multi_class="crammer_singer")

6.1.7) Prediction and Evaluation
b. Use selected model for prediction of unseen text data

linear_svc_main_decision.fit(X_train_vec_main_decision, labels_training_data_main_decision)
prediction_main_decision_linear_svc = linear_svc_main_decision.predict(X_test_vec_main_decision)

report_main_decision_linear_svc = sklearn.metrics.classification_report(labels_test_data_main_decision, prediction_main_decisien_linear_svc,
target_names=("Allowance of the lawsuit", "Dismissal of the lawsuit", "Partial allowance", "No main decision made"))
linear_svc_cost_decision.fit(X_train_vec_cost_decision, labels_training_data_cost_decision)

prediction_cost_decision_linear_svc_linear_svc = linear_svc_cost_decision.predict(X_test_vec_cost_decision)

report_main_cost_decision_linear_svc = sklearn.metrics.classification_report(labels_test_data_cost_decision, prediction_cost_decision_linear_svc_ling
target_names=("Plaintiff bearing the costs", "Defendant bearing the costs", "Cost sharing", "Cost cancellation", "No cost decision made"))

linear_svc_enforceability.fit(X_train_vec_enforceability, labels_training_data_enforceability)
prediction_enforceability_linear_svc = linear_svc_enforceability.predict(X_test_vec_enforceability)

report_main_enforceability linear_svc = sklearn.metrics.classification_report(labels_test_data_enforceability, prediction_enforceability_linear_svc,
target_names=("Provisional Enforceability (PE)", “PE against security deposit ", "Provisionally Avertable", "No enforceability decision made"))

c. Classification report

The classification reports for each of the classifiers are listed in the results
chapter in detail. Here we wanna briefly state that the prediction results were
produced by utilizing the library functionality of the scikit learn library, called
via sklearn.metrics.classification_report()
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d. Cross validation

Additional evaluation has been done through cross validation with an folding
factor of 10, to reduce the risk of overfitting the classifiers towards the training
data set and check for over and underfitting.

CROSS VALIDATION Approach to avoid overfitting
and to compare the results

classifier_to_fit = LinearSVC(random_state=1, multi_class="crammer_singer")

X_data_main_decision = vectorizer.transform(tenor_data_cleaned)
clf = classifier_to_fit.fit(X_ data_main_decision, tenor_label datal[0])

predicted = cross_val _predict(clf, X data_main_decision, tenor_label_data[®], cv=10)

print ("“accuracy",metrics.accuracy_score(tenor_label_data[@], predicted})

print ("fl score macro",metrics.fl_score(tenor_label_data[@], predicted, average='macro') )

print ("fl score micro",metrics.fl_score(tenor_label_datal[@], predicted, average='micro') )

print ("precision score",metrics.precision_score(tenor_label_data[@], predicted, average='macro') )
print ("recall score",metrics.recall_score(tenor_label_datal[@], predicted, average='macro') )

print ("hamming_loss",metrics.hamming_loss(tenor_label_datal[@], predicted))

print ("classification_report", metrics.classification_report(tenor_label_data[@], predicted))

print ("jaccard_similarity_score", metrics.jaccard_similarity_score(tenor_label_data[@], predicted))

print ("“zero_one_loss", metrics.zero_one_loss(tenor_label_datal@], predicted})
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7 Results

In the following we evaluate the results from the implemented algorithms towards the
task of text classification and how effective the extraction of legal consequences and
the derivation of those from tenor text data and instance trains was done.

7.1) Multi Class Text Classification Metrics

Therefore we need to compare and evaluate the algorithms using different kinds of
metrics. All of those metrics are based on the same ground truths. Those are the
true positives (TPs), true negatives (TNs), false positives (FPs) and the false
negatives (FNs) [29]

Let's consider an arbitrary class called “x” for the explanation of the ground truth
properties.

The TPs represent the correctly recognized class instances of a particular class “x”.
Whereas the TNs count the instances which were correctly identified as not being an
element of that class “x”. And the FPs represent the instances which were falsely

assigned to that class “x”, while the FNs count the instances that were falsely not
identified as part of that class “x” [29].

These four evaluation properties can construct multiple kinds of measurements. The
most important are the Accuracy, Precision, F1 Score and Recall. We will describe

them now in more detail [29]

a. Precision
Class agreement of the data labels with the positive labels given by the classifier

b. Recall
Left out due to missing time left for the writing
c. F1 Score
Left out due to missing time left for the writing
e. Micro Average -
Micro-average is preferable if you suspect there might be class imbalance

for all of the three classes, i.e. court decision parts

f. Macro Average
Left out due to missing time left for the writing
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d. Accuracy
The accuracy is not that important when doing multi-class classification as
stated in Kowsari et al [22].

Predicted
+ -
. Sensitivity (recall) False negative rate
+@® FN
Tvoe Il error TP/ @ FN/ @
Actual ypettem
N False positive rate Specificity
FP/ TN/ @
Precision | False omission rate Accuracy
FN/ (TP+TN)/(®o+®)
FDR = Negative predictive value F1 score
e/l TNV 2TP/(2TP + FP + FN)

Figure 122: Confusion matrix for binary classification [30]
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Figure: (a) Accuracy, (b) Recall, (c) Precision, (d) F1 score for binary classification
[30]

For a binary classification task the confusion matrix is shown in Figure 122.
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7.2) Discussion of the Implementation Results

The baseline for both of the research questions was established using the following
four multi class text classifiers: an Linear Support Vector, an Logistic Regression, an
Random Forest and an Multinomial Naive Bayes classifier.

As most of the research of text analysis and also other topics of the field of NLP are
done on text data using the English language, it increases the complexity of a
problem, where the available text data is only given in another language e.g.
German. Additional difficulty is added, when we consider specific domains like the
jurisprudence, where text data and documents in general are only sparsely available
or labeled. This has already been stated by the multiple related works mentioned in
the second chapter.

The overall classification results for the different classifiers were quite good to really
good in terms of F1 scores, precision and recall. The linear support vector classifier
showed the best performance in general, while the multinomial naive bayes classifier
performed worst on the prediction of the main decision.

Additional cross validation reports can be seen for all of the corresponding

classifiers, to reduce the error done through overfitting the classifiers towards the
training data.
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a) Linear Support Vector Classifier (linear SVC)

Results for Linear SVC
precision recall fl-score support

Allowance of the lawsuit .95 . .88 208
Dismissal of the lawsuit .92 = .94 325
Partial allowance .84 - .86 224

No main decision made .75 . .58 19

accuracy .90 776
macro avg .86 5 .82 776
weighted avg .98 - .90 776

precision recall fl-score support

Plaintiff bearing the costs ek .95 .93 273
Defendant bearing the costs .90 .91 .91 212
Cost sharing .90 .84 .87 145

Cost cancellation .80 .73 .76 11

No cost decision made .96 =95 .96 135

accuracy .91 776
macro avg .89 .87 .88 776
weighted avg 291 .91 .91 776

precision recall fl-score support

Provisional Enforceability (PE) .93 .98 8.92 133
PE against security deposit .98 .96 8.97 123
Provisionally Avertable .98 .99 8.99 279

No enforceability decision made .96 .97 8.96 241

accuracy .96 776
macro avg o : .96 776
weighted avg . . .96 776

Figure 442: Macro averages for (a) Accuracy, (b) Recall, (c) Precision, (d) F1 Score
regarding the main, cost and enforceability decision

Micro averages for Random Forest Classifier - main, cost and enforceability decision
Precision - Recall - F1 Score

(0.8969072164948454, 0.8969072164948454, 0.8969072164948453, None)

(9.913659793814433, 0.913659793814433, 0.913659793814433, None)

(0.9639175257731959, 0.9639175257731959, 0.9639175257731959, None)

Figure 443: Micro averages for (a) Precision, (b) Recall, (¢) F1 Score

accuracy ©.8871331828442438

f1l score macro 8.7925218689839401

f1 score micro ©.8871331828442437

precision score 0.8159776972203796

recall score 9.775935685703623

hamming_loss ©.11286681715575621

classification_report precision recall fl-score support

.91 .87 .89 832
.91 .94 .92 1299
.85 .87 .86 893
.59 .43 .50 7T

accuracy .89 3101
macro avg - - .79 3101
weighted avg . 5 .89 3101
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Figure 444: Cross Validation with 10 Foldings for the Main Decision with this metrics:
(a) Accuracy, (b) F1 Score, (c¢) Precision, (d) Recall, (¢) Hamming Loss

b) Logistic Regression Classifier

Results for Logistic Regression
precision recall fl-score support

Allowance of the lawsuit . . . 208
Dismissal of the lawsuit . - - 325
Partial allowance : 5 5 224

No main decision made A . . 19

accuracy . 776
macro avg . . . 776
weighted avg .89 . . 776

precision support

Plaintiff bearing the costs i . . 273
Defendant bearing the costs 5 - . 212
Cost sharing . . 5 145

Cost cancellation 5 5 5 13

No cost decision made 5 - 5 135

accuracy = 776
macro avg . . . 776
weighted avg .89 5 < 776

precision support

Provisional Enforceability (PE) e 133
PE against security deposit . . 9. 123
Provisionally Avertable . . a. 279

No enforceability decision made (2] 241

accuracy i 776
macro avg & & £ 776
weighted avg . 5 5 776

Figure 446: Macro averages for (a) Accuracy, (b) Recall, (¢) Precision, (d) F1 Score
regarding the main, cost and enforceability decision

Micro averages for Random Forest Classifier - main, cost and enforceability decision
Precision - Recall - F1 Score

(0.8827319587628866, ©.8827319587628866, 0.8827319587628866, None)

(0.8891752577319587, ©.8891752577319587, 0.8891752577319587, None)

(0.9600515463917526, B.9600515463917526, 0.9600515463917526, None)

Figure 447: Micro averages for (a) Precision, (b) Recall, (¢) F1 Score

accuracy ©.8642373427926475

f1l score macro 8.7320916161109764

f1 score micro 0.8642373427926476

precision score 0.8591197903610017

recall score ©.7027120286261919

hamming_loss ©.13576265720735248

classification_report precision recall fl-score support

.89 .83 .86 832
.87 .96 .91 1299
.84 .81 .83 893
.84 .21 .33 77

accuracy .86 3101
macro avg - = .73 3101
weighted avg . . .86 3101
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Figure 448: Cross Validation with 10 Foldings for the Main Decision with this metrics:
(a) Accuracy, (b) F1 Score, (c¢) Precision, (d) Recall, (¢) Hamming Loss

c) Multinomial Naive Bayes Classifier

Results for Multinomial Naive Bayes Classifier
precision recall fil-score support

Allowance of the lawsuit 9.80 9.59 : 208
Dismissal of the lawsuit 9.87 9.96 ’ 325
Partial allowance 8.66 8.77 i 224

No main decision made 1.00 09.26 . 19

accuracy “ 776
macro avg - G G 776
weighted avg 9.80 .79 . 776

precision recall fil-score support

Plaintiff bearing the costs . . . 273
Defendant bearing the costs . “ . 212
Cost sharing - - - 145

Cost cancellation - - - 11

No cost decision made - 5 - 135

accuracy . 776
macro avg z : = 776
weighted avg .80 - : 776

precision fl-score support

Provisional Enforceability (PE) 8.71 133
PE against security deposit . 8.84 123
Provisionally Avertable : . 8.95 279

No enforceability decision made . 9.93 241

accuracy .89 776
macro avg . . 1] 776
weighted avg . . 1 776

Figure 449: Macro averages for (a) Accuracy, (b) Recall, (¢) Precision, (d) F1 Score
regarding the main, cost and enforceability decision

Micro averages for Multinomial Naive Bayes Classifier — main, cost and enforceability decision
Precision - Recall - F1 Score

(0.788659793814433, 0.788659793814433, 0.788659793814433, None)

(0.8067010309278351, ©.80867010309278351, ©.80867010309278352, None)

(0.8891752577319587, ©.8891752577319587, ©.8891752577319587, None)

Figure 450: Micro averages for (a) Precision, (b) Recall, (c) F1 Score

accuracy 0.7678168332795873

f1l score macro 9.6468384794975293

f1 score micro 0.7678168332795873

precision score 0.7513074468240499

recall score 0.6202295850537265

hamming_loss ©.23218316672041278

classification_report precision recall fl-score support

08.59 .66 832
0.94 8.9e 1299
8.73 8.69 893
0.22 0.34 77

accuracy 9.77 3101
macro avg 5 . 9.65 3101
weighted avg 5 5 8.76 3101
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Figure 448: Cross Validation with 10 Foldings for the Main Decision with this metrics:
(a) Accuracy, (b) F1 Score, (c¢) Precision, (d) Recall, (¢) Hamming Loss

d) Random Forest Classifier

Results for Random Forest classifier
precision recall fl-score support

Allowance of the lawsuit - . < 208
Dismissal of the lawsuit - . 5 325
Partial allowance < . < 224

No main decision made - . 5 19

accuracy 2 776
macro avg 4 2 2 776
weighted avg - : . 776

precision fl-score support

Plaintiff bearing the costs 5 2 : 273
Defendant bearing the costs
Cost sharing
Cost cancellation
No cost decision made

accuracy
macro avg . s :
weighted avg .89 s : 776

precision fl-score support

Provisional Enforceability (PE)
PE against security deposit
Provisionally Avertable

No enforceability decision made

(%] 133
e. 123
0. 279
(%] 241
accuracy = 776
macro avg ‘ : o 776
weighted avg 8 ; - 776

Figure 449: Macro averages for (a) Accuracy, (b) Recall, (c) Precision, (d) F1 Score
regarding the main, cost and enforceability decision

Micro averages for Random Forest Classifier — main, cost and enforceability decision
Precision - Recall - F1 Score

(0.8878865979381443, ©.8878865979381443, 0.8878865979381443, None)
(0.8904639175257731, ©.8904639175257731, 0.8904639175257731, None)
(0.9536082474226805, 0.9536082474226805, 0.9536082474226805, None)

Figure 450: Micro averages for (a) Precision, (b) Recall, (¢) F1 Score
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accuracy 0.8822968335375686

fl score macro 9.7971283134418796

f1 score micro 0.8822960335375686

precision score 0.854531345925218

recall score 0.7678232570358794

hamming_loss ©.11770396646243148

classification_report precision recall fl-score support

.87 .85 .86 832
=91 .95 =93 1299
.86 .86 .86 893
.78 .42 .54 77

accuracy .88 3181
macro avg - - .80 3101
weighted avg 9. 9. 1] 3101

Figure 451: Cross Validation with 10 Foldings for the Main Decision with this metrics:
(a) Accuracy, (b) F1 Score, (c¢) Precision, (d) Recall, (¢) Hamming Loss

The multi class classification for both the appeal and the first instance have a
relatively poor accuracy, precision and over all F1 scores. This could be due to the
fact that there are much more possible combinations of the three parts of the tenor
over three different tenor texts and court rulings. Therefore the derivation of the legal
consequences for neither the appeal instance nor the first instance was precisely or
usefully done.

One aspect to explain the given results could be the low training and

test size of just ~230 training samples and roughly 70 test samples. Because it is
quite harder to collect complete and correct civil court instance trains and label
those, estimated factors of three to four regarding time costs.

Therefore additional consideration of the other parts of the court ruling are needed to
improve the classification and establish a causal relationship between the classifier
for the revision instance and the other two instances

The other results for the classification of the missing baseline classifiers and the
appeal and first instance can be found in the appendix of this thesis, as it would take
too much space to list all of them here. Although all of them follow the report
structure as shown in the figure below.

48



a) Linear Support Vector Classifier (linear SVC)

Results for Linear SVC predicting the legal consequences from the appeal instance court ruling
precision recall fl-score support

Allowance of the lawsuit : . 15
Dismissal of the lawsuit i % 49
Partial allowance 7 v .37

No main decision made i - .08

accuracy .36 73

macro avg . . .25 73
weighted avg ., - .40 73

precision recall fil-score support

.58
.50

Plaintiff bearing the costs
Defendant bearing the costs

~22 .32 32
.43 46 21

.08
.85

Cost cancellation
No cost decision made

.00 .08 il
.67 .09 3

] ]
] e
Cost sharing 1.00 8.86 o 16
] e
] ]

accuracy .26 73
macro avg 8.43 - .28 73
weighted avg 08.62 g .38 73

precision fl-score  support

Provisional Enforceability (PE) ‘ - .80
PE against security deposit 5 i .ee
Provisionally Avertable ¥ : .00

No enforceability decision made 4 . .85

accuracy
macro avg
weighted avg

Figure 452: Macro averages for (a) Accuracy, (b) Recall, (c) Precision, (d) F1 Score
regarding the main, cost and enforceability decision for the derived legal consequences

7.3) Discussion of the Interview Results

The interview results from the five judges show that the digitalization of the legal
domain has already taken place and further enhancements are possible. Some of
those improvements are already also necessary considering the overall time spent
by judges reading court rulings, categorizing those into groups and searching over
similar court rulings using specific aspects or key words.

Automatization in the extraction of legal consequences could therefore improve the
precision of searches over a vast amount of court rulings and also the search among
instance trains could be helpful for reducing the amount of time taken by each court
judge to gain an overall impression of a law case and similar ones.
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8 Conclusion and Outlook

8.1) Conclusion

We showed that the established baseline works already good and even very good
for some parts of the tenor, while performing worse for the task of legal
consequences derivation for the appeal and first instance using the tenor from the
revision instance.

Further consideration of other parts of the court ruling and tenor are not needed to
improve performance of the baseline for automated extraction of legal consequences
from a given tenor text.

Although further consideration of other parts of an court ruling could be helpful and
also necessary to improve overall precision and accuracy for the derivation of legal
consequences from the tenor of the revision instance for the appeal and first
instance

The Interview results show that the tenor is not often needed in the practical field of a
judge, but the other parts of a court ruling as decision reasons and offenses.
Automatized tenor classification and checks based on this classification could help to
avoid some well defined boundaries of court rulings like the disposition maxime in
the civil process order.

8.2) Outlook

Giving an overview of the whole civil process could be useful for the judges and
lawyers in general as they described in the guided research interviews. An
interesting idea for further enhancements and better derivation of legal
consequences utilizing the instance train could be the usage of Siamese networks
and bidirectional encoder representations from transformer architectures like the
LegalBERT model.

Through the interview results multiple interesting insights were generated. One of
them was that the judges would like to have to be able to fastly get an overview of
the hole civil process, which could then be useful for an more precise search and
reconstruction of the civil procedure instance trains.Similar court rulings could be
calculated establishing an similarity score calculation after the tenor classification.
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Appendix

A.1. Annotation manual

ANNOTIERUNGSKLASSEN

1. Hauptausspruch / Erfolgsaussicht:

E = Erfolg (Stattgabe der Klage, Authebung des Urteils...)

N = Nichterfolg (Abweisung als unbegriindet (erste Instanz), Zuriickweisung als
unbegriindet (Revision, Rechtsbeschwerde), Verwerfung als unzulissig ...)-> hier kann
man weiter differenzieren

T = Teilerfolg (Teilabweisung)

V = Vorlage an EuGH

K = keine Entscheidung in diesem Verfahren (Aussetzung des Verfahrens)

NT (Kombinationen) = Nichterfolg und Teilerfolg (bei von Kléiger und Beklagtem
eingelegten Rechtsmitteln)

2. Kostenentscheidung

K = Kléger (Antragssteller) trigt Kosten des Verfahrens

B = Beklagter (oder Antragsgegner) trigt Kosten des Verfahrens

T = Kostenteilung

A = Kostenaufhebung

KK = keine Kostenentscheidung (es steht gar nichts dazu im Tenor ODER es bleibt
einem anderen Verfahren vorbehalten)

3. Volistreckbarkeit

VV = vorlaufig vollstreckbar nach § 708 ZPO
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VS = vollstreckbar gegen Sicherheitsleistung nach § 709 ZPO
VA = vollstreckbar mit Abwendungsméglichkeit nach §§ 710, 711 S. 3 und 712

KE = Keine Entscheidung

A.2. Classification Results
for the 85/15% Training/Test - Split

Research Question 1:
Linear SVC:

Results for Linear SVC
precision recall fil-score support

Allowance of the lawsuit .90 .90 .90 125
Dismissal of the lawsuit 9.92 0.94 .93 195
Partial allowance .88 .88 .88 134

No main decision made 9.38 .25 .30 12

accuracy .89 466
macro avg 0.77 0.74 .75 466
weighted avg 0.89 0.89 .89 466

precision recall fl-score support

Plaintiff bearing the costs . . . 164
Defendant bearing the costs 2 . . 127




Micro averages for Random Forest Classifier — main, cost and enforceability decision
Precision - Recall - F1 Score

(8.8948497854077253, ©.89484978540877253, ©.8948497854077254, None)

(0.9227467811158798, 0.9227467811158798, 0.9227467811158798, None)

(0.9699570815450643, 0.9699570815450643, ©.9699570815450643, None)

accuracy ©0.8871331828442438

f1l score macro 0.7925218689839401

f1 score micro 0.8871331828442437

precision score 0.8159776972203796

recall score 9.7759356857083623

hamming_loss ©.11286681715575621

classification_report precision recall fl-score support

832
1299
893
77

accuracy - 3181
macro avg - - 3101
weighted avg . . 3101

A.3. Interview Approach Document

Contact data for judges all over the different federations of Germany.
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Prosecutors in Germany:
https://www.justiz.nrw/Gerichte_Behoerden/anschriften/justizanschriften/bundesweit/

anschriften_staatsanwaltschaften.pdf

The linked PDF file contains about 119 publicly accessible prosecutor contact data,
including phone numbers and email addresses.

Federal state of Baden-Wuerttemberg:
1. Post Office - OLG - Karlsruhe:
Poststelle@OLGKarlsruhe.justiz.bwl.de

Were about (Statistic made: January 2020) 97 judges working at this court
(Source:
https://oberlandesgericht-karlsruhe.justiz-bw.de/pb/.| de/Startseite/Oberlandes

gericht/Senate)

Federal state of Saxony:
1. Post Office - OLG - Dresden:
verwaltung@olg.justiz.sachsen.de

Were about (Statistic made: September 2019) 93 judges working at this court
(Source: https://www.justiz.sachsen.de/olg/content/558.htm)

Federal state of North Rhine Westphalia:

1. Post Office - OLG - Dusseldorf:
poststelle@olg-duesseldorf.nrw.de
Were about (Statistic made: September 2019) 160 judges working at this

court (Source:
https://www.olg-duesseldorf.nrw.de/behoerde/gerichtsvorstellung/index.php)

Federal state of Berlin (Berlin, 3):
1. Post Office - OLG - Berlin:

verwaltung.kg@it.verwalt-berlin.de
Were about (Statistic made: September 2019) 150 judges working at this

court (Source:
https://www.berlin.de/gerichte/kammergericht/das-gericht/wir-ueber-uns/)

Federal state of Bavaria (Berlin, 3):
1. Post Office - OLG - Bamberg:

poststelle@olg-ba.bayern.de
Were about (Statistic made: September 2019) 408 judges working at this

court (Source:
https://www.justiz.bayern.de/gerichte-und-behoerden/oberlandesgerichte/bamberg/behoe
rdeninformationen.php)
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https://oberlandesgericht-karlsruhe.justiz-bw.de/pb/,Lde/Startseite/Oberlandesgericht/Senate
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https://www.olg-duesseldorf.nrw.de/behoerde/gerichtsvorstellung/index.php
https://de.wikipedia.org/wiki/Berlin
https://www.berlin.de/gerichte/kammergericht/das-gericht/wir-ueber-uns/
https://de.wikipedia.org/wiki/Land_Berlin
https://de.wikipedia.org/wiki/Berlin

A.4. Interview Questionnaires

The following detailed version of an filled questionnaire interview from the research
approach part shall serve as an example and the rest of the four interviews are
provided to the SEBIS Char.

1. Judge - Anonymized

Question 1: Welcher Tatigkeit gehen Sie gerade hauptberuflich nach und wie lange
fuhren Sie diese bereits aus ?

Answer 1:

Seit 14 Monaten zur Halfte Verwaltung und zur Halfte in einer Berufskammer, Beisitzerin

Question 2: Wie alt sind Sie ?
34

Question & Answer 3:

Wie schatzen Sie ihre Affinitat bezlglich Technologien wie Software und den Umgang damit ein ?

1 response

1.00

1(100%)

0.75
0.50

0.25

0 (0%) 0 (0%) 0 (0%)

0 (0%)
0.00 | ‘ ‘

Question 4: Wie verwenden Sie Informationen aus einem/mehreren Tenor/Tenoren
in lhrer Tatigkeit (als Jurist/Richter) ?
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Answer 4: Aus anderen Urteilen: §545 abstz 2, kostenentsch bzgl. Revision, 100%
Hauptentscheidung, wenn der Tenor Giberhaupt von Interesse / Aus lhren Urteilen:
Hauptentscheidung

Question 5: Wenn Sie einen Tenor/Urteil vom BGH lesen, wie viel konnen Sie dann
bereits tiber den Tenor der vorherigen Instanz(en) aussagen ? Was wiirde lhnen
helfen die Tenori der vorherigen Instanz(en) besser vorherzusagen/einzuschéatzen
bzgl. Nutzen fir die konkrete Problemstellung/Tatigkeit in dem Moment des Lesens
(auch in Hinblick auf die einzelnen Bestandteile)?

Answer 5: Aus Sicht nur Tenor: Gar Nicht bzgl. Tenor vom BGH, Schaut sich vllt vorangehende

Entscheidungen/Instanz. Aus Sicht von Urteil: BGH urteil im fokus, wenn nicht vorhanden dann
OLG (hier OLG Diisseldorf) mit Hinsicht auf die konkrete Konstellation

Question 6: Wie viele Gerichtsurteile lesen Sie durchschnittlich in einer
Arbeitswoche (5 Tage) ? Und bei wie vielen davon interessiert Sie nur die konkrete
Rechtsfolge im Sinne von: 1. Hauptentscheidung - Erfolg, 2. Kostenentscheidung -
Kostenteilung und 3. Vollstreckbarkeit - Vorlaufig gegen Sicherheitsleistung § 709
ZPO. Hilft uns die potentielle Zeitersparnis besser zu approximieren/einzuschatzen

Answer 6: In 2,5 tagen - ca 10 urteile querlesen, und 1-2 urteile ganz lesen. Sie arbeitet in der
Berufungsinstanz. ca. doppelt so viel. 5-6 Berufungs-Akten, insgesamt 6-7 urteile in die Tiefe

Question 7: Gerichtsurteile aus welchem Rechtsbereich/gebiet lesen sie am
haufigsten ? (z.B. Mietrecht, Handelsrecht, Verkehrsrecht etc.)

Answer 7: Verkehrsunfallrecht, Kaufvertragsrecht

Question 8: Welchen Herausforderungen/Probleme begegnen Sie beim
Umgang/Arbeiten mit einem/mehreren Tenori ?

Answer 8: Lesen des Urteils in der Berufungsinstanz, in Beratung mit der Kammer eine
Entscheidung zu finden, nach § 552 ZPO Absatz 2, wollen die Berufung zuriickzuweisen. Mit
dem Tenor/Urteil an sich keine, keine wirklich genannt, noch einmal nachbearbeiten. Viele
Punkte kostet Zeit, schwierige Urteile/Verfahrensgang, schwierigkeit wird erzeugt durch die
Komplexitat des Rechtsproblems
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Question 9: BGH Urteile enthalten nach den Erfahrungswerten, welche ich die
letzten 4 Monate sammeln konnte, in ca. 99% der Falle keine Aussage uber die
Vollstreckbarkeit. Kdnnen Sie mir dazu etwas sagen, Ihre
Meinung/Eindruck/Literatur hinweis.

Answer 9: left out
Question 10: (Kreative Antworten erwiinscht) Sie haben ein Hilfsmittel in Form einer
Software zur Verfligung, mit dem Sie alle verfligbaren Gerichtsurteile aus dem

deutschsprachigen Raum schnell und einfach auswerten konnen. Nach welchen
Kriterien wiirden Sie gerne Filtern/Suchen kénnen ?

Answer 10: Beck verlag und juris.de; wichtig nach Paragraphen und Schlagworten zu suchen.

Optimale I6sung/wunschvorstellung damit schon abgedeckt.
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