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Motivation |

* Processes of legal experts (scientists and lawyers) are

* time-intensive
« knowledge-intensive
 data-intensive

* Legal Documents
« are growing strongly in recent years
« are changing over time
« are becoming more complex

- Therefore, searching for relevant information is

« expensive [1]
« difficult [2]
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[1] Roitblat, H. L., et al.
[2] Paul, G.L. and J.R. Baron.
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Motivation I TUTI

“There seems to be little question that machine learning will be applied to the legal
sector. It is likely to fundamentally change the legal landscape.” [3]

« Legal Data Science in incorporating machine learning is gaining more and
more attention, because

* process time and memory space are cheap
 algorithms can process textual data fast and accurately

e suitable frameworks are available
. MALLET

Q- Spor‘ll(\z

MLlIib

% ekl

[3] Liu, B.
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Research Questions

What are common concepts, strategies and technologies used for
text classification?

How can (active) machine learning support the classification
of legal documents and their content (norms)?

What form does the concept and design of an active machine
learning service take?

How well does the active machine learning service perform in
classifying legal documents and their content (norms)?
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Research Approach & Objective

Environment

People /
Organizations

* People working
with legal

content

Technology

e Lexia

Business
Needs

| S—

IS Research

Develop / Build

* LexML

‘ Assess | Refine

Justify / Evaluate

* Document
Classification

* Norm
Classification

Applications in the

Appropriate environment
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Applicable
Knowledge

TUTI

Knowledge Base

Foundations /
Methodologies

* (Legal) Text
Classification

* (Active)
Machine
Learning

 Machine
Learning
Frameworks

.S‘paﬁ(\Z
MLIib

I |

Additions to the
Knowledge Base

Von Alan, R.H., et al.
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Knowledge Base TUT

Iterative and interactive machine learning concept utilizing the strategy that the
learning algorithm can select the data from which it learns.

O Most informative instances

made by the learning algorithm (classifier) to

Preprocessing > Feature Vector > Learning find informative instances
ind i ive i

[Algorithms making use of the predictions
Algorithm (e.g. Naive Bayes, Logistic Regression)

Labeled

instances Spark MLlIib
G (ML framework) a Srledti)Ctlez a Query
« ML Pipeline niabele Strategy

suitable for text Instances
classification

Unlabeled °
instances

other instances
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Environment and IS Research

Legal Texts

—

Lexia
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o

Data And Text Mining

Engine

Rest ==
Interface

|

s

Data Access Layer

(@—
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|
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Exporter
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LexML — Basics T|.|T|

» Independent service using Apache Spark MLIib as machine learning framework

« Implementing the logic for active learning to perform multiclass (legal) text
classification

 Accessible via Rest API

« Configurable via Lexia
« Label
« Classifier
* Naive Bayes, Logistic Regression, Multilayer Perceptron
« Data
* Query strategy

« Export of evaluation results in a xIsx-file
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Evaluation — Experimental Setup TUT

« Two experiments
« Document classification
* Norm classification
« Simulating active learning using the available labeled dataset

« Evaluation of twelve different machine learning combinations
* Nine active learning strategies
* Three passive learning strategies

- Evaluation process
» After each learning round, the resulting model was applied to the test data
- Export of common evaluation measures (F,, accuracy, precision & recall)
« Use the average result of five rounds per combination as reference value
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Evaluation — Document Classification | TUT

» Classifying 1000 random documents from the datev corpus into one of
three classes using a subset of words of the document

« Random, but even split in training- and test dataset

Class Sub-classes Support
Law (“Gesetz”) Gesetzestext (Gesamttext), Richtlinie (Gesamttext), EU-Richtlinie 12 8%
(Gesamttext),
Judgment (“Urteil”) Urteil, Beschluss, Gerichtsbescheid 65.5%
Generic legal Aufsatz, Anmerkung, Verfugung, Verfiugung (koordinierter Landererlass),
document (“Sonstige Kurzbeitrag, Erlass, Erlass (koordinierter Landererlass), Schreiben, 21.6%
Dokumente”) Schreiben (koordinierter Léndererlass), Ubersicht, Mitteilung
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Evaluation — Document Classification Il

Average Accuracy of Classifiers using Active Learning vs.
Passive Learning
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Labeled Instances (%)
18 21 24 27 30 33 36 39 42 45 48 51 54 57 60 63 66 69 72 75 78 81 84 87 90 93 96 99

= Naive Bayes @ seseee Naive Bayes (random)
Logistic Regression ~~ eceeee Logistic Regression (random)
Perceptron ~ eeeees Perceptron (random)
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Evaluation — Norm Classification |

TUTI

» Classifying 504 sentences (norms) of the law of tenancy section of the
German civil code (BGB) as one of eight possible classes

« Random, but even split in training- and test dataset

C J C C DU

Recht Gebot (positiv/negativ/Soll-Pflicht (H)), Verbot (/Duldung (U)) 25.0%

Pflicht Erlaubnis (/Erlaubnis beschrankt), Ermachtigung 21.6%

Einwendun Unwirksamkeit (/Wirksamkeit beschrankt (sachlich)/(personlich)),

(Einw rh) 9 Unzulassigkeit (/Zulassigkeit beschrankt), Ausschluss (/Ausschluss 18.3%
beschrankt), Nichtigkeit

Rechtsfolge Rechtzuweisung (/Rechtsubergang), Pflichtzuweisung (/Pflichterweiterung), 9 9%

(RF vAw) Rechtseigenschaft, Freistellung P

Verfahren Form, Fl_"lst (/Falligkeit), Mastab (inkl. Berticksichtigung), 9.7%
Entscheidungskompetenz

Verweisung Rgggs /direkt Vorschriftenkomplex, Analog § /analog Vorschriftenkomplex, 9.1%

Fortfihrungsnorm Ausnahme, Erweiterung, Einschrankung, Gleichstellung 3.8%

Definition Direkt, Indirekt, Negativ 2.6%

© sebis 13
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Evaluation — Norm Classification I TUTI

Average Accuracy of Classifiers using Active Learning vs.
Passive Learning

100,00

90,00

80,00

70,00

Accuracy (%)
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30,00
5 9 13 17 21 25 29 33 37 40 44 48 52 56 60 64 68 72 76 80 84 88 92 96 100

Labeled Instances (%)

Naive Bayes = | 0gistic Regression Perceptron

------ Naive Bayes (random) eeeeee | ogistic Regression (random) -« -+« Perceptron (random)
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Summary TUT

Conclusions

« Active Learning is a promising approach to conduct legal text
classification

« Better results using less instances

« The choice of the parameters is a very complex issue

Limitations

« Evaluation with “only” one default setting
* Reusability of trained model
« Black-box classifier

Future Work

« Conduct of additional evaluations rounds with (varying learning settings)
* Implementation of additional features

* Query strategies

* Learning algorithms
« Combination of (active) machine learning and rule-based learning
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Backup — Related Work TUT

« Ratner (2014) performed an experiment in which he classified legal
contract documents into categories, such as “Arbitration
Agreements” or “Manufacturing Contract”

- Savelka, Trivedi and Ashley (2015) examined the relevance and
applicability of the individual statutory provisions

* Roitblat, Kershaw and Oot (2010) compared the classification
accuracy of computers relative to traditional human manual review

« De Maat, Krabben and Winkels (2010) conducted a norm
classification experiment classifying sentences of the dutch law

« Walker, Han, Ni and Yoseda (2017) examined semantic types for

argument mining in legal texts to provide a common basis for
machine learning
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Backup— Document Classification | TUT

Average F, of Naive Bayes per Class
100

Fi (%)
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Backup — Document Classification | Tum

Comparison of Query Strategies (Naive Bayes)
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Backup — Document Classification Il| Tum

Average Precision of Naive Bayes per Class
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Backup — Document Classification IV

100
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Backup — Norm Classification |

Average F, of Logistic Regression per Class
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Backup — Norm Classification I Tum

Comparison of Query Strategies (Logistic Regression)
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Backup — Norm Classification Il|
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Backup — Norm Classification IV Tum

Average Recall of Logistic Regression per Class
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Backup — Norm Classification V Tum

Accuracy of Logistic Regression applying Vote Entropy Strategy
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------ Round 1  eeeese Round2 cec+e°= Round3 ee¢*ee* Round4 e+ee++ Round 5 Average
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Backup — Evaluation Measures

Confusion Matrix

True Class

A B
Predicted A TP FP
class B FN TN
* Precision =
TP+FP
TP
e Recall =
TP+FN
2xPrecision*Recall
 F, (F-score) = —
Precision+Recall
TP+TN

Accu racy = P+TN+FP+FN
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Backup — Data Model

July 10t 2017, Final presentation Johannes Muhr

DefaultLogisticRegression DefaultMultinomialNaiveBayes
FOnGaralions +get(): LogisticRegression +get(): NaiveBayes
ActiveClassificationType Y < = T
Document PersistentEntity ) # DefaultMultilayerPerceptron
Sentence !
SentenceRuleBased +save() ! | +get(noOfFeatures, noOfClasses): MultilayerPerceptronClassifier
+delete() K '
¥ i e
«Interface» v Yol
IProbabilisticClassifier «Interface»
IClassifier
extends
1
+has|
1
ALPipeline MinRound
- ALPipelineConfigurations
-name: String
-labels: List<Label> -classifier: IClassifier
Label _testData: TestData -queryStrategy: |QueryStrategy
+name: string -trainingsData: TrainingData -seedSqt: int N/
3 -alPipelineConfiguration: ALPipelineConfigurations +has -querySize: int 1 2,2 «Interface»
-modelPath: String -stoppingCriteria: Map IStoppingCriterion
+has -learningRound: int 1 1 | +numberOfFeatures: static int +has
-createdAt: Date -features.: Map -
-lastTrainedAt: Date -annotations: Map
-labelMap: Map -numberOfDocuments: Map H
-activeClassificationType: ActiveClassificationType MaxRound
-evaluateLearning: boolean
1
+has/ ¢ 1 +has
+has! 1
1 1 «Interface» «Abstracty
TrainingData 1QueryStrategy AbstractQueryByCommittee
— TestData | [ <" -committeeSize: int
i{f,ﬁgﬂiﬁ?f&t::sﬁg?fg@ -testData: List<Row> +getinstancesToLabelNext(Datasets): List<Row> -numberOfLabels: int
-dataTolLabelNext: List<Row> -labelledTrainingsData: List<Row> 4 " 4
«Abstract» >
Abst MarginSampling «Abstract»
tEntropy AbstractQBCEntropy
-calculateMarginProbability()
#oaloulateEntropy() #countVotesPerLabel(Map): Map
/7 R #calculateSoftVoteEntropy(Map): Map
MostUncertainEntropyStrategy | | LeastUncertainEntropyStrategy | | softvoteEntropyQBCStrategy | | VoteEntropyQBCStrategy | | VoteEntropyMLPStrategy
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Backup — Active Learning Engine

Configuration

Active Learning Engine (ALE)

Classifier

Training

Naive Bayes

Logistic Regression

Perceptron

Spark ML Pipeline

Tokenizer

|

Stop-words

!

TF — Feature vector

|

Classifier

!

Model

v

Prediction

Cross-Validation

Spark Multiclass Evaluator

Pipeline Model

\4

Evaluation
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Backup — Workflow Norm Classification

Configuration

Time

Training

Evaluation

N

N/

User &

+ AL pipeline
+ labels

*+ select annotated law|
+ specify AL settings

P> start AL

(# label instances * o

A

C repeat last step (*)"
until stopping criterion

P> start evaluation

[2) analyze / export

results

 Create Pipeline
‘ lllllllllllllllllllllll
.Create Labels |
‘ lllllllllllllllllllllll
Jmportlaw >
‘ lllllllllllllllllllllll
| Specify AL settings
‘ lllllllllllllllllllllll
s .S.t.q -rsléul' lllllllllllll ’
‘ -----------------------

Lexia

(] ¥
== query sentence annotations
from selected law

o) R
= query sentence annotations
from random instances

[ "
== query sentence annotations
from selected instances

- )
= query sentence annotations
from test set

-----------------------

‘.l...l.l'lllll... ------
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Lexml

persist pipeline

persist labels

persist training/test set

persist configurations

Q query random instances

/(1) add instances to

training set; (2) train model;

(3) return informative

instances

|+ evaluate learned model

on test set
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Backup — Query Strategies | TUT

Uncertainty Sampling

= Margin Sampling
., argmax ” ~
= xy =" [ Pg (9,1%) - P (51 1%)]
= Ambiguous instances with small margins should help the model to
discriminate between them.

= Vote Entropy

argmax
I _ 5 Pg (y]x) log P (y]x)

= Approach based on the Shannon entropy, measuring the variable’s
average information content:

| ] x;_}:
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Backup — Query Strategies |l TUT

Query By Committee

= Vote Entropy

argmax_z V(yx)l V(y,x)
Y c| IC]|

" Xyp =

= yinvolves all possible labeling, V(y,x) is the number of committees that
“voted” for label y for instance x, and |C| is the committee size.

= Soft Vote Entropy

argmax
" Xgyp = gx — Pc(ylx) logP:(y|x)

. Taking the confidence of the decision into account: P.(y|x) =
T ZC cc P- (¥|x) is the average (“consensus”) probability that y is
correctly labeled according to the committee.
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Backup — Classifier | TUT

Naive Bayes

* Featured

« Classc

« P(d) constant (each feature has the same probability of being in the dataset)
* Assumes strong independence between the single features

p(d|c)P(c)

P(c|d) = )

Logistic Regression

» Uses the characteristic that the probability of observing the true label (logit
transformation) can be modelled as a linear combination of the attributes
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Backup — Classifier I TUT

Multilayer Perceptron

« Several layers and units (nodes) in this layer Output Layer
« Weights are assigned to each edge

- Back propagation is used as learning
algorithm

« Forward phase, weights are fixed and training
instances are propagated through the
network

« Backward phase, the desired output is
compared to the actual output at each output
neuron to calculate the error rate

« For each neuron in the network, all weights
are adjusted so that the actual output better
approximates the desired output
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Backup — Supervised Machine Learning Tum
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Backup — Text Classification Process

--

Suissaooidaid oN
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Backup — Front-end (Configuration) TUT

Import
Select the law(s) that you want to use for sentence classification!

Import new laws:

Inorder to select laws, you have to run the pipeline using the sentence segmentation script.

Title Promulgation Creation
() Kirchensteuergesetz Bremen (KiStGBR) (giltig ab 25.03.2016) 2016/03/21 2017/02/26
[0  Kirchensteuergesetz Sachsen (KiStGSN) (giltig ab 01.09.2015) 2015/08/09 2017/02/26
o Kirchensteuergesetz Berlin (KiStGBE) (giltig ab 01.01.2015) 2014/12/16 2017/02/26
[  Einkommensteuer-Richtlinien (EStR) 2012 mit Hinweisen (EStH) 2014 2013/03/24 2017/02/26
Learning Settings

Select a classifier and configure the relevant settings you want to use for active learning.

Classifier: (NaiveBayes

Query Strategy: [ Most Uncertain Vote Entropy s
Minimum Number of Learning Rounds: 3

Maximum Number of Learning Rounds:

Number of Seed Set: 15

Query Size: 10

Save Learning Configurations
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Backup— Front-end (Training) TUT

Process your imported legal texts

Pipeline: DCTest

Please continue learning until a stopping criterion is met

Current Learning Round: 1 Minimum Rounds To Go: 1 Maximum Rounds To Go: 2
Title Promulgation Date  Prediction Confidence (%) Label
Keine Aufgabe des verpachteten landwirtschaftlichen Betriebs bei Verdufierung der Hofstelle; Thu Neov 13 GenericLegalDocument  0.9613485178221252
Praxis-Hinweise zur BFH-Entscheidung IV R 61/01 vom 26.06.2003 23:00:00 CET 2003 Law

Judgment

GenericLegalDocument

v

Praxis-Hinweisel. Dass ein land- und forstwirtschaftlicher Betrieb auch ohne Hofstelle existieren kann, ist keine ganz neue Erkenntnis, sondern in der Praxis bereits seit
vielen Jahren erprobt. Auch der BFH hat diese Verdnderung zur Kenntnis genommen und deshalb bereits im Urteil vom 18.3.1999, IV R 65/98 (BStBI 11 1999, 398)
entschieden, dass keine Betriebsaufgabe vorliegt, wenn ein Erbe die Hofstelle erhilt, ein anderer Erbe aber Stiicklandereien. Ebenso wenig sieht der BFH inder
VerduRRerung wesentlicher Betriebsflichen eine Betriebsaufgabe, sofern nicht eine absolute Minimalgrenze unterschritten wird. Diese ist bisher nicht genau definiert
worden; diskutiert wird aber eine Mindestfliche von ca. 3.000 m. Seit Jahrzehnten wird dariiber hinaus auch die parzellenweise Verpachtung nicht als Betriebsaufgabe
behandelt, selbst wenn sie den ganzen Betrieb betrifft und die Pachtvertrige nicht zu einem einheitlichen Zeitpunkt auslaufen.2. Ein Landwirt kann deshalb seinen
Betrieb im Grundsatz nur aufgeben, wenn er ausdriicklich die Betriebsaufgabe erkldrt. Beachten Sie dabei: Die Betriebsaufgabeerklarung wirkt nur fir die Zukunft. Im
Besprechungsfall hatte der Klager erst im Einspruchsverfahren beantragt, die Versicherungsentschiadigung als Aufgabegewinn zu behandeln. Darin sah der BFH keine
rickwirkende Aufgabeerklarung auf den Zeitpunkt des Schadensfalls. Stattdessen liegt aber eine Aufgabe im Zeitpunkt der Erklarung gegeniiber dem FA vor, die nicht
mehr rickgingig gemacht werden kann. Selbst wenn der Klager mangels Riickwirkung auf das Schadensjahr lieber auf eine Betriebsaufgabe verzichten wirde, ist dies

jetzt nicht mehr moglich.
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Backup — Comparison of Machine Learning

Frameworks | T|.|T|

Current
Version (2" Feb. 2.1 0.12.2 3.8 0.18 2.0.8

Apache Apache . Common
Software Software fiigﬁ;ael (ng:lc): g?;tlf, ?g%;ozgvsag Public License
Foundation (AFS) Foundation (AFS) (CPL)

yes yes yes yes yes

Popular Users O%zr:,?;izle’ ? Pentaho Evernote, Spotify ?
. MapReduce

E:'O:essmg (deprecated), Spark wrap;)\cla;'i;‘;)ll;lzpark none none

atform Spark

Mainly Scala,

:_nterface JIaDV?r,moS:all? ’ Java (for older Java, R Python Java

anguage y ’ versions)
Suitable for large . .
datasets yes yes partially yes partially
gsmr::tnlty good moderate good good moderate

DJ

very good moderate good very good good

U R moderate
NLP/Textual Data good wia L) good good very good
/AL

simple °© difficult © simple ¢ simple very simple
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Backup — Comparison of Machine Learning
Frameworks Il TUT

| Mub | Mahout | Weka | Scikitieam | Mallet

Classification Algorithms

v v
v (Spark (batch, v v
optimized) incremental)
v
v b i i v
v
v i i v
MLP g only via MLIib (batch) /
Multiclass . . one vs. all, one vs. all,
PR one vs. all only via MLIib /
Classification one vs. one one vs. one
Multilabel one vs. all / by extensions (e.g. one vs. all /
Classification ’ Mulan, Meka) :
Pipeline | v / / v v
UL LA very high high very high very high moderate

Coverage

Preprocessing

(by extensions v v v
semming [ ,
StopWords | v / v v v
g:l\; i:?g: I\(;Ifef::(tjtslre very high low very high very high moderate

Text Representation

Word Vector
TF-IDF

Evaluation

||
<
<
<
<
<

\
\
\

Confusion Matrix

II
a
<
<
<
<

ROC/AUC Curve v / v v v
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Backup — Literature study TUT

» Use of online Platforms like
» Google Scholar,
* Web of Science,
 Institute of Electrical and Electronics Engineers (IEEE),
« or Online Public Access Catalogue (OPAC) and Google Books

« Backwards Search
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Backup — Hourly Billings by Task and Individual TUT

« Manual document classification is very expensive and time
consuming

« 13,5 Million $ were spent for classifying 1,6 Million items needing 4 month
(= 8,50% per document) [1]

« A lot of time is wasted with (document) discovery [2]

Junior Junior Senior
Partner Partner Partner
=] A B
Discovery
Documents 60 311 162 95 57 39 197 921 294,455
Depositions 105 125 125 59 83 2 26 525 189,513 H 0 u rS
Total 165 436 287 154 141 41 223 1,446 483,968
Communications -
Internal 155 150 101 53 54 35 80 628 237,314
Opposition 66 149 86 24 44 0 41 411 137,216 1 44 6
Client 82 45 46 33 30 13 7 256 104,334 — 2 6 4 0/
Total 303 344 232 110 128 48 128 1,295 478,864 - ) 0
Pleadings & Research - 5 48 6
Pleadings 35 282 162 44 37 18 65 643 197,190
Legal Research 8 126 114 1 2 1 126 377 99,909 .
Total 43 408 276 44 38 19 191 1,019 297,099 DOl IarS .
Expert Witness Support 35 21 25 253 22 70 31 457 203,303
Administration - 6 4 - - - 973 983 130,663
All Other -
Settlement 32 69 19 21 5 14 - 159 58,244 48 3 98 6
Other 12 24 29 12 4 7 20 109 38,205 — 2 8 5 (y
Hearings 7 3 5 - 2 - 1 18 6,977 1 69 7 3 2 2 - ) 0
Total 51 96 53 33 11 21 21 286 103,425
Total Hours 597 1,310 878 595 341 199 1,566 5,486 | 1,697,322
Total Dollars 305,117 301,202 258,724 250,005 146,439 138,305 297,531

[1] Roitblat, H. L., et al. (2010). Document categorization in legal electronic discovery: computer classification vs. manual review.
[2] Gruner, (2008). A Client’s Analysis and Discussion of a Multi-Million Dollar Federal Lawsuit
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