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Background and Motivation



Example Legal Issue

Suppose there is a Thai restaurant in one part of the city and
an Indian restaurant in another part having a single owner.

The question is if these can be treated separately or if they
need to be understood as a single business.
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Example Legal Argument

 The two restaurants share the profit. Since the profit motive
is a common business purpose if shared (see Wirtz v.
Savannah Bank & Trust Co. of Savannah and Schultz v. William
P. Morris, et al.) it is possible to conclude that the two
restaurants share the common business purpose. Therefore,
the two restaurants may be considered an enterprise. 
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Sentences’ Usefulness

Intuitively, the aim is to rank more highly the sentences that
elaborate upon the meaning of the term of interest, such as:

• definitional sentences
• sentences that state explicitly in a different way what the
term of interest means or state what it does not mean

• sentences that provide an example or counterexample of
the term of interest

• sentences that show how a court determines if something
is such an example or counterexample
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Sentences’ Usefulness

The usefulness of a sentence is modeled on an ordinal scale
with four levels.

1. high value – sentences intended to define or elaborate on
the meaning of the term

2. certain value – sentences that provide grounds to
elaborate on the term’s meaning

3. potential value – sentences providing extra information
beyond what is known from the source provision

4. no value – no additional information over what is known
from the provision
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Goal

This work is about providing empirical evidence that it is
feasible to create the ranking component.
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Feature Engineering-based LTR Approach

• The indicative features enable autonomous learning of a
model the predictions of which are used for ranking.

• The task can be effectively treated as a learning-to-rank
problem.

• A resulting ranking model is a reasonable approximation
of the definition of sentences’ usefulness in this work.
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Data Set



Statutory Term Interpretation Data Set

• Court decisions are an ideal source of sentences
interpreting statutory terms.

• For the data set used in this work 42 terms of interest from
different provisions of the U.S.C. were selected.

• In total 17,148 cases mentioning any of the terms were
retrieved from a large collection of case law.[1]

• In total 26,959 sentences mentioning any of the terms
were extracted from the cases.

• 3 annotators with completed law degree and 11 law
students classified the sentences into the four categories.

• The inter-annotator agreement was α = .79 (law degree)
and .31 (students), i.e., extensive curation was required.

11[1] https://case.law
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Statutory Term Interpretation Data Set
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Experimental Design



Baselines

• BM25

BM25 =
∑
t∈q

TF · IDF · QTF

• BM25-c

BM25-c =
∑
t∈q

[(1− λ1)TFs · IDFs + λ1TFc · IDFc] · QTF

• Compound Model (Savelka et al. 2019)

CMP-rank(q, s, sp,C) = Sim-i(q, s,Ci) · NI(s, sp) · DDI(q,Cj)
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Division into Folds

In the experiments cross-validation is used as it is considered
more reliable evaluation setup in IR. (Fuhr 2018)

The division into folds is performed with the size of the queries
and their richness taken into account (stratification).

Division into 6 folds emerged as the most fitting where each
fold contains:

• 2 small sparse queries
• 3 small dense queries
• 1 large sparse query
• 1 large dense query
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Evaluation Measures

Normalized discounted cumulative gain (NDCG) at k = 100 is
used to evaluate the performance.

NDCG(Sj, k) =
1
Zjk

k∑
i=1

rel(si)
log2(i+ 1)

rel(si) =


3 if si has high value
2 if si has certain value
1 if si has potential value
0 if si has no value
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Approaches to Ranking



Features
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A specialized list of 129 features based on the
analysis presented before was assembled.

• Features based on individual units
(retrieved sentence, term of interest, paragraph, opinion,
case, source provision)

• Features based on matching the term of interest
(toi2retrieved sentence, toi2paragraph, toi2case)

• Features based on matching the source
provision
(sp2retrieved sentence, sp2paragraph, sp2case)

• Features based on the results list



Ranking as Regression Problem

• In this setup the relevance of a document is regarded as a
continuous variable.

• The following models are employed:
• linear regression with L2 regularization
• AdaBoost (Drucker 1997; Freund and Schapire 1995)

• The prediction ŷi is understood as the respective
sentence’s score.
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Ranking as Regression Problem

18



Ranking as Regression Problem
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Ranking as Multi-class Classification Problem

• In this setup the relevance of a document is regarded as a
categorical variable.

• The following models are employed:
• logistic regression
• SVM
• Random Forest
• Multi-layer Perceptron

• Sentence’s score is determined in the following way:

(p(si = no),p(si = potential), p(si = certain), p(si = high))(0, 1, 2, 3)T

Note: (0.0, 0.0, 0.51, 0.49)w⃗ = 2.49 > 1.51 = (0.25, 0.25, 0.24, 0.26)w⃗
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Ranking as Multi-class Classification Problem
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Ranking as Ordinal Classification Problem

In this setup the task is transformed into k− 1 binary
classification problems. (Frank and Hall 2001)

The same models are used as in the previous setup.

Sequential application of the 3 classifiers yields the probability
distribution over the 4 classes.

p(si = no) =1− p(si > no)
p(si = potential) =p(si > no)− p(si > potential)
p(si = certain) =p(si > potential)− p(si > certain)
p(si = high) =p(si > certain)
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Ranking as Ordinal Classification Problem
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Ranking as Pair-wise Binary Classification Problem

The algorithms are trained to assess a pair of documents and
decide which of the two should be placed higher.

The core idea behind the approach is the following
transformation of the data set:⟨ x1,1 · · · x1,m y1

... . . . ...
...

xn,1 · · · xn,m yn

⟩
→

⟨ x1,1 − xi,1 · · · x1,m − xi,m y1 > yi
... . . . ...

...
xn,1 − xj,1 · · · xn,m − xj,m yn > yj

⟩

The number of data points in the data set increases from n to
at most n(n− 1)/2.

The original categorical labels become binary.
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Ranking as Pair-wise Binary Classification Problem
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Ranking as Pair-wise Binary Classification Problem
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Error Analysis
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Navigation Equipment
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Essential Step
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Common Business Purpose
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Conclusions

• We assembled a list of 129 features modeling the task of
retrieving explanatory sentences.

• The features support several learning algorithms that
serves as a basis of a sophisticated ranking function.

• We experimented with casting the task into ordinal
classification as well as into pair-wise binary classification.

• The most useful features:
• the relationship between the source provision and the
retrieved sentences

• the relationship between the source provision and the
higher level textual units
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Thank you!

Questions, comments and suggestions are welcome now
or any time at jsavelka@andrew.cmu.edu.



Annotation Guidelines
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Experimental Design



Division into Folds

In the experiments I use cross-validation as it is considered
more reliable evaluation setup in IR. (Fuhr 2018)

The division into folds is performed with the size of the queries
and their richness taken into account.

R(q) = 1
n

n∑
i=1

val(si)

val(si) =


10 if si has ‘high value’
5 if si has ‘certain value’
1 if si has ‘potential value’
0 if si has ‘no value’
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Division into Folds

Division into 6 folds emerged as the most fitting where each
fold contains:

• 2 small sparse queries
• 3 small dense queries
• 1 large sparse query
• 1 large dense query

For the experiments on indicative features only 4 of the 6 folds
are used.

The 2 held-out folds are used later to assess generalizability.
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Functional Parts



Functional Part of a Case Text where a Sentence Appears

Court opinions consist of several high-level parts each of
which has a different function.

1. Introduction
2. Background
3. Analysis
4. Concurrence or Dissent
5. Footnotes
6. Appendix

Combination of the automatic segmenter from (Savelka and
Ashley 2018) and the annotation from CAP was used to
segment the text.
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Functional Part of a Case Text where a Sentence Appears
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Functional Part of a Case Text where a Sentence Appears
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BM25

BM25 =
∑
t∈q

TF · IDF · QTF

TF = (k1 + 1) · tftd
k1 ·

(
1− b+ b · Ld

Lavg

)
+ tftd

IDF = log
(
N− dft + 1

2
dft + 1

2

)
QTF = (k3 + 1) · tftq

k3 + tftq
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