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ABSTRACT

We study how contract element extraction can be automated. We
provide a labeled dataset with gold contract element annotations,
along with an unlabeled dataset of contracts that can be used to pre-
train word embeddings. Both datasets are provided in an encoded
form to bypass privacy issues. We describe and experimentally
compare several contract element extraction methods that use man-
ually written rules and linear classi�ers (logistic regression, SVMs)
with hand-crafted features, word embeddings, and part-of-speech
tag embeddings. The best results are obtained by a hybrid method
that combines machine learning (with hand-crafted features and
embeddings) and manually written post-processing rules.
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1 INTRODUCTION

Contracts are legal texts describing agreements. Law �rms, com-
panies, government agencies etc. need to monitor contracts for a
wide range of tasks [24]. For example, law �rms need to notify their
clients when contracts are about to expire or when contracts are
a�ected by legislation amendments. Large contractors need to keep
track of agreed payments. Taxation authorities may need to focus
on contracts involving particular parties and large payments. Many
of these tasks can be automated by extracting particular contract
elements (e.g., termination dates, legislation references, contracting
parties, agreed payments). Contract element extraction, however, is
currently performed mostly manually, which is tedious and costly.
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In this paper, we study how contract element extraction can
be automated. As a starting point, we provide a new benchmark
dataset of approximately 3,500 English contracts, manually anno-
tated with 11 types of contract elements. This dataset can be used to
train and test contract element extraction algorithms. To bypass pri-
vacy issues, the benchmark dataset is provided in an encoded form,
where each vocabulary word has been replaced by a unique integer
identi�er, as in some spam �ltering datasets [1]. For example, each
occurrence of the word ‘termination’ may have been replaced by
the integer identi�er ‘3156’. We also provide hand-crafted features
per token (word occurrence) of the benchmark dataset, for example
indicating the part-of-speech (POS) tag and length (in characters)
that each token had before it was replaced by an integer identi�er,
whether the (original) token contained numerical characters etc.

Furthermore, we provide word embeddings [14–16] per vocabu-
lary word (integer identi�er) of the benchmark dataset. Roughly
speaking, word embeddings are dense real-valued vectors, each
representing a particular vocabulary word as a point in a high-
dimensional vector space, such that the vectors of words with
similar morpho-syntactic and/or semantic properties are close in
the high-dimensional space. Word embeddings have led to signi�-
cant improvements in several natural language processing tasks in
recent years, and can be produced (pre-trained) in an unsupervised
manner from large unlabeled corpora [21, 23, 26]. The word em-
beddings that we provide were obtained (pre-trained) by applying
word2vec [22] to an additional unlabeled dataset of approximately
750,000 contracts, which we also make available in the same en-
coded form. We also provide POS tag embeddings, which were
obtained by applying word2vec to contracts from the unlabeled
dataset, after replacing the words by their POS tags.1

Using the above datasets, we experiment with both manually
written contract element extraction rules and trainable linear clas-
si�ers, namely Logistic Regression (LR) [19, 30] and linear Support
Vector Machines (SVMs) [4, 29]. When experimenting with LR and
SVMs, we use hand-crafted features, pre-trained word embeddings,
and/or pre-trained POS tag embeddings. The best results are ob-
tained by a hybrid method that combines machine learning (LR or
SVM, with hand-crafted features, word and POS tag embeddings)
and manually written post-processing rules. The F1-score of the
hybrid method exceeds 0.8 for all but one of the contract element
types of our benchmark dataset. We view the methods of this paper
as strong baselines for further work that may experiment with
more complex classi�ers (e.g., convolutional or recurrent neural
networks [9, 10]) using the datasets we provide.2

Overall, the main contributions of this paper are the following:

1We use NLTK’s (v. 3.2.1) default POS tagger (http://nltk.org/).
2The datasets will be available from http://nlp.cs.aueb.gr/.

http://nltk.org/
http://nlp.cs.aueb.gr/
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SERVICES AGREEMENT

THIS AGREEMENT is made the 15th day of October 2009 BE-

TWEEN :

(1) Sugar 13 Inc. a corporation whose o�ce is at James House,
42-50 Bond Street, London, EW2H 2TL (“Sugar”);

(2) E2 UK Limited , whose registered o�ce is at 260 Bathurst
Road, Yorkshire, SL3 4SA (“Provider”).

RECITALS :

A. The Parties wish to enter into a framework agreement which
will enable Sugar, from time to time, to [...]

ARTICLE I - DEFINITIONS

"E�ective Date" shall mean: 15 October 2009

"1933 Act" shall mean: Securities Act of 1933

1

2

3

3

4

5
6

ARTICLE II - TERMINATION

The Service Period will be for �ve (5) years from the E�ective
Date (The ’Initial Term’). The agreement is considered to be termi-
nated in October 16, 2014 .

ARTICLE III - PAYMENT - FEES

During the service period monthly payments should occur. The
estimated fees for the Initial Term are £154,800 .

ARTICLE IV - GOVERNING LAW

This agreement shall be governed and construed in accor-
dance the Laws of England & Wales . Each party hereby
irrevocably submits to the exclusive jurisdiction of the

courts sitting in Northern London .
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Figure 1: Typical structure of a contract, with contract elements highlighted.

1. The paper studies a legal text analytics task, contract element
extraction, which has signi�cant practical value (Section 2). This
task has not been studied at such �ne granularity in previous work
(e.g., some previous work classi�es entire contract lines, sentences,
or clauses, rather than identifying contract elements) and/or it has
been studied using much smaller datasets, fewer types of contract
elements, or without considering embeddings (Section 6).

2. The paper describes and is accompanied by a new benchmark
dataset of approximately 3,500 English contracts with gold contract
element annotations (Section 3), which can be used to train and test
contract element extraction algorithms. A larger unlabeled dataset
of approximately 750,000 English contracts is also provided and can
be used to pre-train word and POS tag embeddings (e.g., with other
algorithms than the one we used). Pre-trained word and POS tag
embeddings, as well as hand-crafted features, are also provided for
the tokens of both datasets. An encoding that replaces words by
unique integer identi�ers is also adopted to bypass privacy issues,
and may also prove useful in other legal text analytics tasks.

3. Several contract element extraction methods are presented
(Section 4), including machine learning methods (LR, SVMs) with
hand-crafted features and/or word and POS tag embeddings, as well
as manually written rules (used instead of the machine learning
classi�ers or to post-process their decisions). Experimental results
(Section 5) show that some of the methods are particularly strong
baselines for future work, with the best results (F1-score exceeding
0.8 in all but one contract element type) achieved by a hybrid
method that combines machine learning (using all of the features
considered) and manually written post-processing rules.

2 THE TASK

This section de�nes the contract element extraction task addressed
by this paper. It describes the typical structure of a contract, the
contract elements that we aim to extract, the zones (parts) of the
contracts the elements are extracted from, also highlighting possible
applications of contract element extraction and di�erences from
generic named entity recognition [3, 25].

2.1 Contract Structure and Elements

Contracts typically start with a preamble, which contains the con-
tract title (Fig. 1, point 1) and speci�es the start or e�ective date
(point 2) and contracting parties (points 3). It is also common to
use a cover page with the same information followed by a table of
contents, before the preamble. The preamble is usually followed
by the recitals (Fig. 1), which provide background information.
The remainder of the contract is organized in clauses, often called
‘chapters’, ‘articles’, ‘sections’ etc. to re�ect a hierarchical structure.
Clauses have headings (Fig. 1, points 4), which indicate their topics
(e.g., ‘De�nitions’, ‘Termination’, ‘Payments’).

In this paper, we focus on extracting the following types of
contract elements, when present. More contract element types can
be de�ned, but the types we focus on are common and particularly
useful in analytics applications like the ones we highlight below.

Contract Title (Fig. 1, point 1). The title usually indicates the type
of the contract (e.g., services, employment, loan) and often also
the version of the contract (e.g., ‘second amendment’). Hence, ex-
tracting contract titles is a useful step towards classifying contracts
per type and creating threads with multiple versions of the same
contract (e.g., clustering contracts of the same type that involve the
same contracting parties, and ordering them by version).
Contracting Parties (Fig. 1, points 3). Extracting contracting
parties allows building inverted indices to quickly retrieve contracts
that involve particular parties, which is a common type of query.
By extracting contracting parties one can also build graphs showing
the interdependencies between companies, contractors etc.
Start, E�ective, Termination Dates, Contract Period, Value:

The start date (Fig. 1, point 2) is when the contract was signed. The
e�ective and termination dates (points 5, 8) specify when the con-
tract becomes e�ective and terminates, respectively. The contract
period (point 7) is the number of working or calendar days the con-
tract will be e�ective for. The contract value (point 9) is the price of
the agreed transaction (e.g., salary, lump sum). These elements are
particularly useful when searching for contracts that were active
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Extraction Zones (at testing) Example Clause Heading Words Contract Elements Typically Included

Cover page and preamble – Contract Title, Contracting Parties, Start Date, E�ective Date
Term clause ‘Term’, ‘Period’, ‘Term of Agreement’ Termination Date, Contract Period

Termination clause ‘Termination’, ‘Termination of Agreement’ Termination Date
Governing Law clause ‘Governing Law’, ‘Applicable Law’ Governing Law, Jurisdiction

Jurisdiction clause ‘Jurisdiction’, ‘Jury Trial’, ‘Venue’ Jurisdiction
Miscellaneous clause ‘Miscellaneous’, ‘Entire Agreement’ Governing Law, Jurisdiction
Contract Value clause ‘Lump Sum’, ‘Salary’ Contract Value

In the text after the recitals, zones starting up to 20 tokens before and
ending up to 20 tokens after each line break, not crossing other line breaks Clause Headings

In the entire contract, zones starting up to 20 tokens before and ending up
to 20 tokens after each occurrence of words like ‘Act’, ‘Treaty’ etc. Legislation References

Table 1: Extraction zones where contract elements of di�erent types are searched during testing.

at particular times or that have particular durations or values, for
example to detect suspicious transactions, possibly in combination
with searching for contracts involving particular contracting par-
ties. They can also be used to notify clients when contracts they
are involved in are about to become e�ective or terminate.
Governing Law, Jurisdiction, Legislation Refs: The governing
law (Fig. 1, point 10) speci�es the country or state whose laws apply.
The jurisdiction (point 11) speci�es the courts responsible to resolve
disputes. The legislation references (point 6) are laws the contract
depends on. These elements are useful, for example, when con-
tracts need to be routed to experts on the laws of particular states
or countries and/or when contracts need to be revised following
legislation revisions (e.g., when laws are amended or replaced).
Clause Headings (Fig. 1, points 4) are needed, for example, to
automatically build a table of contents (for contracts that do not
include one) and split the text of each contract after the recitals
into clauses (from clause heading to clause heading). We also note
that most clause headings contain typical words or phrases that
indicate their topics. For example, many contracts include a clause
whose heading contains phrases like ‘Governing Law’ or ‘Applicable
Law’; the governing law contract element (e.g., ‘Laws of England
& Wales’ in Fig. 1, point 10) is then found in that clause. Similarly,
many contracts include a clause whose heading contains words
or phrases like ‘Termination’ or ‘Termination of Agreement’; the
termination date (e.g., ‘October 16, 2014’ in Fig. 1, point 8) is then
found in that clause. Alternatively, other contracts include a more
general clause whose heading contains words or phrases like ‘Term’,
‘Period’, ‘Term of Agreement’; clauses of this kind typically include
the termination date and/or the contract period. Hence, identifying
clause headings (and then looking for indicative words or phrases in
the headings) is also a �rst step towards identifying clauses where
other contract elements are expected to be found.

In fact, each type of contract element is almost always found
in particular types of clauses or other zones (e.g., preamble, cover
page) of the contracts, hereafter jointly called extraction zones. For
example, the contracting parties can always be found in the cover
page (if present) and preamble. Looking for contracting parties
in other parts of the contracts would unnecessarily increase the
time needed to process the contracts. In practice, it would also
increase the false positives (tokens wrongly identi�ed as contracting
parties) during testing, without any other bene�t. More importantly,
it would also greatly increase the number of negative instances

during training (examples of tokens that should not be identi�ed
as contracting parties) leading to severe class imbalance (many
more negative than positive training instances). This might mislead
machine learning algorithms to learn to classify all instances in the
majority (negative) class, i.e., never classify tokens as contracting
parties. Similar comments can be made for all the other contract
element types. Table 1 summarizes the extraction zones where
contract elements of di�erent types can be expected to be found.3

Hence, when using contract element extraction methods in de-
ployed systems, we �rst identify the cover page, the preamble,
and the zone after the recitals of each contract; this can be easily
achieved using simple regular expressions, which work very reli-
ably in practice. We then apply the method(s) that identify clause
headings (discussed in Section 4 below) to the zone after the recitals
of each contract; these methods are also reasonably reliable (the
F1-score of the best clause heading extraction method is 0.89). Sub-
sequently, we split the text after the recitals into headings (from
clause heading to clause heading), and we identify the topic of each
clause (term clause, termination clause, governing law clause etc.,
lines 3–8 of Table 1) using manually crafted lists of indicative words
or phrases (column 2 of Table 1), which also work very reliably
in practice.4 The methods that extract the other types of contract
elements (also discussed in Section 4 below) are then applied only
to the corresponding extraction zones of Table 1.

The test part of the labeled dataset that we provide (discussed in
Section 3 below) includes annotations that indicate the gold (cor-
rect) spans of the extraction zones per contract element type of
each test contract (as in Table 1).5 This allows other researchers
to directly compare the results of their core contract element ex-
traction algorithms against our results (presented in Section 5),
assuming that the extraction zones have been identi�ed without
errors. To reduce the manual annotation e�ort that was required to
produce the benchmark dataset, the process that we use to construct
training instances for our contract element extraction methods is

3The list of words that trigger legislation reference extraction zones (e.g., ‘Act’,
‘Treaty’, last line of Table 1) was constructed by inspecting only the training part of
the labeled dataset and is included in the �les of the datasets we provide.

4The lists of indicative words that we use to detect the topics of the clauses were
constructed by inspecting only the training part of the labeled dataset. The lists are
included in the �les that will accompany the datasets we provide.

5The extraction zones of clause headings and legislation references are not ac-
tually annotated in the test contracts, but they can be trivially reconstructed using
instructions provided in the �les that accompany the datasets.
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slightly di�erent (discussed in Section 3 below) and does not require
knowing the correct extraction zones of the training contracts.

2.2 Relation to Named Entity Recognition

Generic named entity recognizers (NERs) [3, 25], which typically
recognize persons, organizations, locations, dates, amounts, etc.,
are not directly applicable to contract element extraction without
retraining them on contracts and possibly modifying their feature
sets.6 For example, a generic NER may recognize dates, but without
distinguishing between start, e�ective, termination and other dates
(e.g., payment or delivery dates, which we do not aim to extract).
Note that several of these date types may occur in the same extrac-
tion zones; for example, start and e�ective dates typically occur
both in the cover page and the preamble. Hence, the date types
we aim to extract cannot be distinguished simply by observing
the extraction zones they occur in. Similarly, a generic NER may
recognize amounts without distinguishing between contract values
and other amounts (e.g., monthly payments, collateral fees), which
may be present in the same extraction zones. It may also recognize
persons and organizations, but not all persons and organizations
mentioned in a contract are contracting parties; for example, a law
�rm that prepared the contract or a third-party service provider
may be mentioned (sometimes in the same extraction zones as the
contracting parties), without being contracting parties. Similar
comments apply to the governing law and jurisdiction elements,
which are not simply locations. Furthermore, contract titles, clause
headings, legislation references are not supported by generic NERs.

Another complication is that contracts often contain abbrevia-
tions (e.g., ‘(Sugar)’, ‘(Provider)’ in Fig. 1, points 3), which we do
not wish to extract as contracting parties (we wish to extract only
‘Sugar 13 Inc.’ and ‘E2 UK Limited’ as contracting parties in Fig. 1).
The same applies to abbreviations of legislation references (e.g.,
‘1933 Act’ is an abbreviation of ‘Securities Act of 1933’ in Fig. 1,
point 3). Nevertheless, future work (Section 7) could retrain generic
NERs on the training part of our annotated benchmark dataset
(Section 3), possibly after modifying their features, to recognize the
contract element types of Section 2.1 and cope with the challenges
highlighted above, comparing against our methods (Section 4).

3 DATASETS

This section describes the encoded datasets that we provide, as
well as the hand-crafted features, word embeddings, and POS tag
embeddings that we provide for the tokens of the datasets.

3.1 Labeled Benchmark Dataset

The labeled benchmark dataset contains 993 contracts (893 training,
100 test) annotated with gold (correct) clause headings (Fig. 1, points
4), and 2461 contracts (2,111 training, 350 test) with gold annotations
for the other 10 types of contract elements (Section 2.1). Table 2
shows the number of contract elements (instances) and tokens
per contract element type in the labeled dataset (jointly for the
training and test part of the dataset); a contract element may consist
of multiple tokens, which is why we also report the number of

6Consider, for example, the NERs of Stanford University (http://nlp.stanford.edu/
software/CRF-NER.shtml) and spaCy (http://spacy.io/docs/usage/entity-recognition).

tokens.7 The dataset contains approximately 37.1 million tokens
(word occurrences) in total.

Contract Element Type Instances Tokens

Contract Title 4,363 17,282
Contracting Parties 8,235 34,560

Start Date 2,519 10,990
E�ective Date 734 3,218

Termination Date 534 2,140
Contract Period 421 1,628
Contract Value 1062 2,714
Governing Law 2,956 15,497

Jurisdiction 1,841 13,095
Legislation Refs 5,997 32,472
Clause Headings 38,269 ∼183K

Table 2: Statistics of the labeled dataset.

The gold contract element annotations of the labeled dataset
were provided by 10 law students. Each contract was annotated by
one student. Before the �nal annotation, however, we used three
rounds of preliminary experiments and two pairs of annotators (the
same pairs in all rounds) to measure inter-annotator agreement and
improve the annotation guidelines. In each round, 5 new training
contracts were given to each pair (10 contracts per round in total)
and agreement was measured as |A∩B |

max( |A |, |B |) , whereA, B are the sets
of contract elements marked by the two annotators, respectively.
The average agreement was approximately 0.27 in the �rst round,
but reached 0.80 in the third round as the guidelines were improved.

All the contracts of the labeled dataset are in English. We can-
not reveal their actual texts, due to privacy and IPR issues, but we
provide them in an encoded form, where each vocabulary word
has been replaced by a unique integer, as already discussed. We
also provide hand-crafted features, word embeddings, and POS tag
embeddings per token, further discussed below. This arrangement
allows experimenting with alternative contract element extraction
methods that may rely on bags of words (bags of integer identi�ers),
the provided hand-crafted features, the provided word and/or POS
tag embeddings, or other embeddings (e.g., of di�erent dimension-
alities or produced using other algorithms than word2vec) that
can be pre-trained on the unlabeled dataset we provide (also dis-
cussed below). The encoding, however, does not allow considering
the characters or other (than the ones we provide) hand-crafted
features of the tokens. Also, it does not allow the actual texts to be
studied, though we can provide con�dential samples.

The test contracts of the labeled dataset also include gold (cor-
rect) annotations of the extraction zones per contract element type,
as already discussed (Section 2.1), i.e., at test time the contract el-
ement extraction methods look for contract elements only in the
corresponding gold extraction zones (Table 1). For each test con-
tract and each contract element type (e.g., contracting parties), the
tokens (word occurrences) of the corresponding extraction zones
that are parts of contract elements of that type (e.g., the tokens
of contracting parties, as indicated by the gold contract element
annotations) are treated as positive test instances (e.g., tokens that

7We use NLTK’s (v. 3.2.1) default tokenizer and sentence splitter (http://nltk.org/).

http://nlp.stanford.edu/software/CRF-NER.shtml
http://nlp.stanford.edu/software/CRF-NER.shtml
http://spacy.io/docs/usage/entity-recognition
http://nltk.org/
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should be classi�ed as contracting parties), whereas the other to-
kens of the extraction zones are treated as negative test instances
(e.g., tokens that should not be classi�ed as contracting parties). To
reduce the manual annotation e�ort that was required to produce
the labeled dataset, the training contracts of the dataset do not con-
tain gold annotations of the extraction zones. Instead, we train the
contract element extraction methods on automatically generated
pseudo-extraction zones of the training contracts. For each contract
element type (e.g., contracting parties), the pseudo-extraction zones
of a training contract contain the tokens (word occurrences) of the
contract elements of that type (e.g., the tokens of the contracting
parties, as indicated by the gold contract element annotations of
the training contract) and up to 50 tokens before and after each
contract element of that type in the training contract (e.g., 50 tokens
before and after each contracting party). The tokens of the contract
elements of the particular type are treated as positive training in-
stances (e.g., tokens that should be classi�ed as contracting parties),
whereas the other (surrounding) tokens of the pseudo-extraction
zones are treated as negative training instances (e.g., tokens that
should not be classi�ed as contracting parties).

In the case of methods that extract start dates, we also add to
the negative training instances (training tokens that should not
be classi�ed as start dates) all the training tokens (both positive
and negative) of the pseudo-extraction zones of the e�ective dates
(excluding tokens that are included in the positive training instances
of start dates), and similarly for e�ective dates, i.e., we add all
the training tokens (both positive and negative) of the pseudo-
extraction zones of the start dates to the negative training tokens
of the e�ective dates. This helps our (trainable) methods learn to
distinguish start from e�ective dates, which occur in the same parts
of the contracts (cover page and preamble). The same arrangement
applies to the training instances (training tokens) of governing
law and jurisdiction contract elements, which also often occur in
the same parts of the contracts. Similarly, in the case of methods
that extract legislation references, we add to the negative training
tokens all the occurrences of words like ‘Act’, ‘Treaty’ etc. (we use
the same list of words that trigger extraction zones at test time, last
line of Table 1) that have not been annotated as positive training
tokens and up to 50 tokens before and after those word occurrences
(excluding surrounding tokens that are positive training instances).
This helps our methods learn to distinguish legislation references
(e.g., ‘Securities Act of 1993’, Figure 1, point 5) from abbreviations
of legislation references (e.g., ‘1993 Act’ in Figure 1).

Especially for clause headings, the extraction zones are the same
during both testing (Table 1) and training (no separate rules for
pseudo-extraction training zones are needed). They are zones en-
tirely located in the text after the recitals of each contract, with each
zone starting up to 20 tokens before and ending up to 20 tokens
after a line break, without crossing other line breaks.

3.2 Hand-Crafted Features and POS Tags

For each token (word occurrence) of the labeled benchmark dataset
and each contract element type (e.g., contracting parties), we also
provide the values of hand-crafted features (17 to 21 features, de-
pending on the type of contract elements being detected). The

values of these features are automatically computed; by ‘hand-
crafted’ we mean that the particular feature sets and the meaning
of each feature (what each feature stands for) were chosen by our-
selves; by contrast the components of word embedding vectors
cannot be directly mapped to human-interpretable concepts. The
�rst 14 hand-crafted features are the same regardless of the type
of contract element being detected: 4 binary features for all upper,
all lower, mixed case tokens, tokens containing numbers; 7 binary
features indicating the length of the token (the �rst feature is true
if the length of the token is 1-2 characters, the second feature is
true if the length is 3-4 characters, and similarly for lengths 5-6,
7-8, 9-10, 11-12, >12); 3 binary features indicating if the token is
numeric, a special character, or stop-word. The other 3-7 features
are also binary, but di�er per contract element type. They indicate
if the token is common inside or near elements of the particular
type, or if it is matched by regular expressions that detect frequent
parts of elements of the particular type (e.g., ‘1.1’, ‘1.2.1’ for clause
headings, ‘2009’, ‘13th’ for start, e�ective, termination dates).

We also provide the POS tag of each token (word occurrence)
of the labeled dataset, as predicted by a generic POS tagger.8 The
tagger uses 45 distinct POS tags. In experiments that employ POS
tags directly (not POS tag embeddings, discussed below), we use 45
binary features to indicate the POS tag of each token. Hence, the
total number of hand-crafted features becomes 62-66 in this case.
The hand-crafted features and POS tags are provided only for the
tokens of the labeled datasets, not for the tokens of the unlabeled
dataset (discussed next).

3.3 Unlabeled Dataset and Embeddings

As already noted, word embeddings are dense real-valued vectors,
each representing a particular vocabulary word as a point in a high-
dimensional vector space, such that vectors of words with similar
morpho-syntactic and/or semantic properties will be close in the
high-dimensional space [14–16]. Word embeddings have led to
signi�cant improvements in several natural language processing
tasks in recent years, and can be produced (pre-trained) in an unsu-
pervised manner from large unlabeled corpora, for example using
tools like word2vec [21, 23] and glove [26]. We applied word2vec
(skip-gram model) [22] to an unlabeled dataset of approximately
750,000 English contracts (approx. 9 billion tokens), after encod-
ing the unlabeled dataset in the same way as the labeled one, i.e.,
each vocabulary word was replaced by an integer identi�er. We
produced 200-dimensional word embeddings from the unlabeled
dataset, one for each integer identi�er of a vocabulary word.9

The unlabeled dataset, which we also make publicly available
in its encoded form, does not contain gold annotations of con-
tract elements and extraction zones; hand-crafted features and
POS tags are also not provided. To generalize across numbers
with similar patterns and tokens that di�er only in the use of up-
per and lower case, the unlabeled dataset was pre-processed to
lower-case its tokens and replace all digits by ‘D’. For example,

8We use NLTK’s (v. 3.2.1) default POS tagger (http://nltk.org/).
9We used Gensim’s (v. 0.12.4) implementation of word2vec (http://radimrehurek.

com/gensim/), with 10 minimum occurrences per word and default values for other
parameters. The vocabulary size of word2vec was 514,369. Out of vocabulary words
are mapped to random embeddings. Dimensionalities from 100 to 600 are common in
natural language processing tasks, with 200-300 dimensions being particularly common.
Larger dimensionalities slow down the experiments, often without signi�cant bene�t.

http://nltk.org/
http://radimrehurek.com/gensim/
http://radimrehurek.com/gensim/
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Word 10 Closest Words (cosine similarity of embeddings)

‘agreement’ ‘this’, ‘agreements’, ‘the’, ‘herein’, ‘and’, ‘hereof’, ‘)’, ‘terms’, ‘D’, ‘company’
‘november’ ‘february’, ‘august’, ‘april’, ‘july’, ‘june’, ‘october’, ‘march’, ‘january’, ‘september’, ‘december’
‘inc.’ ‘inc..’, ‘corp.’, ‘inc’, ‘llc’, ‘llc.’, ‘ltd.’, ‘f/k/a’, ‘d/b/a’, ‘l.p.’, ‘l.l.c.’
‘laws’ ‘law’, ‘state’, ‘jurisdictions’, ‘statutes’, ‘legislation’, ‘laws’, ‘sky’, ‘province’, ‘blue’, ‘authorities’
‘court’ ‘competent’, ‘tribunal’, ‘courts’, ‘sitting’, ‘arbitrator’, ‘chancery’, ‘arbitral’, ‘judge’, ‘quasi-judicial’, ‘proceeding’
‘act’ ‘exchange’, ‘regulations’, ‘rules’, ‘sarbanes-oxley’, ‘seq.’, ‘DDd-DD’, ‘promulgated’, ‘oxley’, ‘DDDD’, ‘gramm-leach-bliley’
‘article’ ‘section’, ‘D.D.D’, ‘paragraph’, ‘DD.D’, ‘sections’, ‘D.D’, ‘-’, ‘subsection’, ‘clause’, ‘de�nitions’

Table 3: Some words that are common in contract elements (left column) and their closest words (right column) in terms of

cosine similarity of word embeddings, using the 200-dimensional word embeddings produced from the labeled dataset.

‘Agreement’ became ‘agreement’, ‘October 16, 2014’ became ‘oc-
tober DD, DDDD’, ‘november 21, 2016’ became ‘november DD,
DDDD’. This pre-processing took place before the encoding of the
unlabeled dataset and the subsequent application of word2vec.
Consequently, word2vec produced word embeddings for (the in-
teger identi�ers of) ‘agreement’ and ‘DDDD’, but not ‘Agreement’
and ‘2014’. By contrast, the tokens of the labeled dataset were not
pre-processed (e.g., there are di�erent integer identi�ers for ‘Agree-
ment’, ‘agreement’, ‘2014’, ‘2016’). We provide, however, a mapping
from the integer identi�ers of the labeled dataset to the integer
identi�ers of the unlabeled dataset (e.g., in e�ect showing that the
tokens ‘2014’ and ‘2016’ of the labeled dataset both correspond to
the token ‘DDDD’ of the unlabeled dataset), which allows one to
link the tokens of the labeled dataset to word embeddings obtained
from the unlabeled dataset.

Note that tools like word2vec and glove produce word embed-
dings by examining only the co-occurrences of the words in an
unlabeled corpus, not the characters of the words. Hence, alter-
native word embeddings (e.g., with di�erent dimensionalities or
produced by glove instead of word2vec) can also be generated
from the (encoded) unlabeled dataset that we provide, though other
methods that produce word embeddings by considering also the
characters (or morphemes) of the words [17, 18] cannot be used.

We also experimented with generic pre-trained word embed-
dings (e.g., obtained from Wikipedia), but the experimental results
were much worse, possibly because legal expressions are under-
represented in generic corpora.10 Also, some collections of generic
embeddings do not provide embeddings for stop-words and num-
bers. For example, there would be no embeddings for ‘23’ and
‘2013’ in ‘October 23, 2013’, whereas we use the embeddings of
‘DD’ and ‘DDDD’ instead. For illustrative purposes, Table 3 shows
some words (or tokens) that are frequent in contract elements (e.g.,
‘agreement’) and their 10 closest words, using cosine similarity of
word embeddings as the distance measure, and the 200-dimensional
word embeddings produced from the unlabeled dataset.

We also provide 25-dimensional POS tag embeddings, which
were obtained by applying word2vec (again, skip-gram model,
same other settings) to 49,777 contracts from the unlabeled dataset,
after replacing the words by their POS tags, again as predicted by
a generic POS tagger. We use fewer dimensions in the POS tag
embeddings compared to the word embeddings (25 instead of 200),
because the POS tag embeddings need to represent only 45 points

10For generic embeddings see, for example, http://nlp.stanford.edu/projects/glove.

(POS tags) in their vector space, whereas the word embeddings
need to represent the entire vocabulary.

4 ELEMENT EXTRACTION METHODS

This section describes the contract element extraction methods
that we developed and experimented with. They include machine
learning-based classi�ers operating on sliding windows of the con-
tracts, as well as manually written rules that replace the machine
learning classi�ers or post-process their decisions.

4.1 Sliding Window Classi�ers

The �rst contract element extraction method, named sw-lr-emb,
uses a separate Logistic Regression (LR) classi�er [19, 30] per con-
tract element type (11 classi�ers).11 During testing, each LR classi-
�er scans the tokens of the corresponding extraction zones (Table 1)
and classi�es each token as positive (part of a contract element of
the corresponding type) or negative (not part of a contract element
of the corresponding type). For each token t being classi�ed, each
classi�er considers a sliding window of 5-6 tokens around t (11-13
tokens); the exact size of the window varies, depending on the type
of contract elements that each classi�er extracts. The window is
turned into a feature vector containing the concatenated embed-
dings of the window’s tokens (e.g., 11 tokens × 200 dimensions =
2, 200 features). At training time, each one of the 11 LR classi�ers
is trained on the positive and negative tokens of the corresponding
pseudo-extraction zones (Section 3.1), again using sliding windows
of 11-13 tokens. The second method, sw-svm-emb, is identical,
except that it uses 11 linear SVMs [4, 29] instead of LR classi�ers.

The next two methods, named sw-lr-hcf and sw-svm-hcf,
again use a separate classi�er (LR or linear SVM, respectively) per
contract element type, and sliding windows of 11-13 tokens, but
the feature vector of each window now contains the 17-21 hand-
crafted features of each token in the window (e.g., 11 tokens × 17 =
187 features) and the additional 45 binary features per token that
indicate the POS tag of each token in the window (e.g., 11 tokens ×
45 = 495 features), instead of the concatenated word embeddings.

A �fth method, named sw-lr-all, is the same as sw-lr-emb
and sw-lr-hcf, except that the feature vector of each window now
contains the concatenated word embeddings, POS tag embeddings,
and hand-crafted features of all the tokens in the sliding window

11Using a separate classi�er per contract element type makes it easier to support
new contract element types. We use binary classes (positive, negative) instead of
Begin, Inside, Outside (for tokens at the beginning, inside, or outside of contract
elements, respectively), because consecutive contract elements are rare. We employ
the scikit-learn implementations of LR and SVM (http://scikit-learn.org/).

http://nlp.stanford.edu/projects/glove
http://scikit-learn.org/
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(e.g., 11 tokens × (200 + 25 + 17) = 2, 662 features). In this case, the
hand-crafted features do not include the 45 binary features that
indicate the POS tag of each token, since the POS tag embeddings
are also included (and hopefully provide more information than
the 45 binary features). We also experimented with a version of
sw-lr-all that included the 45 binary POS tag features per token,
but the results were the same or worse, and we do not report the
results of that version to save space. A sixth method, sw-svm-all,
is the same as sw-lr-all, except that it uses linear SVM classi�ers.

4.2 Manually Written Post-Processing Rules

Some frequent errors of the sliding-window classi�ers of Section 4.1
can be easily �xed by applying simple manually written post-
processing rules. For example, a classi�er that aims to detect ef-
fective dates may have classi�ed correctly (in its positive class)
the three tokens ‘October 23 ,’ (the comma is a separate token) of
Fig. 2, but may have misclassi�ed the subsequent token ‘2013’. A
manually written post-processing written rule could check (using
regular expressions) if a year-like token (e.g., ‘2013’) that has not
been classi�ed as e�ective date (that has been classi�ed as nega-
tive) follows tokens classi�ed as e�ective dates (positive) that do
not include a year, and change the decision of the e�ective dates
classi�er (to positive) for the year-like token. The manually written
post-processing rules that we use in our experiments also group
sequences of positive tokens (Fig. 2) and accept or reject groups
of tokens, using ‘validation’ regular expressions designed to re-
ject frequent false positive groups. The post-processing rules were
constructed by inspecting and experimenting with contracts that
are not included in the test part of the labeled dataset. When us-
ing manually written post-processing rules, we append the su�x

‘-post’ to the name of the method (e.g., sw-lr-emb-post).

Figure 2: Example of applying post-processing rules to the

decisions of a classi�er.

Unfortunately, we cannot release the post-processing rules, be-
cause they also examine the characters of the (non-encoded) tokens.

4.3 Rule-Based Extraction and NER Baseline

We also compare against a previous in-house contract element
extractor, named rules, that relies entirely on manually crafted
rules, i.e., does not use any machine learning. Its rules were also
developed by inspecting and experimenting with contracts that are
not included in the test part of the labeled dataset.

In the case of contracting parties, we also use spaCy’s NER (Sec-
tion 2.2, without retraining) as a baseline in some experiments. We

treat all the phrases that spaCy annotates as persons and organiza-
tions as predicted contracting parties.

5 EXPERIMENTAL RESULTS

We performed two groups of experiments, discussed in turn below.

5.1 Evaluation per Token

In a �rst group of experiments, we evaluated the sliding window
contract element extraction methods (Section 4.1) by considering
their decisions per token. For each contract element type (e.g.,
contracting parties), we measured the performance of each method
in terms of precision (P = TP

TP+FP ), recall (R = TP
TP+FN ), and F1 score

(F1 = 2·P ·R
P+R ). In this case, true positives (TP) are the tokens correctly

classi�ed as parts of contract elements of the considered type (e.g.,
correctly classi�ed as positive tokens of contracting parties), false
positives (FP) are the tokens incorrectly classi�ed as parts of contract
elements of the considered type (incorrectly classi�ed as positive
tokens), and false negatives (FN ) are the tokens incorrectly classi�ed
as not parts of contract elements of the considered type (incorrectly
classi�ed as negative tokens). F1 is the harmonic mean of precision
and recall. All three measures are widely used in classi�cation.

Table 4 lists the results of this group of experiments. The best
results per row are shown in bold. The macro-averages are the
averages of the corresponding columns. The macro-averaged F1
scores show that the best methods overall are the ones that use both
the hand-crafted features (Section 3.2) and the word and POS tag
embeddings (Section 3.3), i.e., methods sw-lr-all (macro-averaged
F1 = 0.80) and sw-svm-all (0.80). The F1 scores of these two
methods are close for most individual contract element types, with
the largest di�erences observed in e�ective dates (F1 0.67 vs. 0.72)
and termination dates (F1 0.76 vs. 0.69). sw-lr-all has higher macro-
averaged precision (0.79 vs. 0.76), whereas sw-svm-all obtained
higher macro-averaged recall (0.86 vs. 0.82). Contract value and
period are the most di�cult contract element types (best F1 0.64 and
0.67, respectively), possibly because the expressions that specify
them are less standardized. They are also among the contract
element types with the fewest tokens in the labeled dataset (Table 2),
hence also with the fewest training tokens.

The methods that use only hand-crafted features (sw-lr-hcf,
sw-svm-hcf) obtain top precision results in several contract ele-
ment types, especially sw-lr-hcf, but never excel in terms of recall,
which indicates that the main weakness of hand-crafted features is
their coverage. Although the methods that use only embeddings
(sw-lr-emb, sw-svm-emb) obtain very few top scores across the
contract element types, we note that their F1 scores are very close
to (and often higher than) the F1 scores of the methods that use
only hand-crafted features (sw-lr-hcf, sw-svm-hcf), which is par-
ticularly interesting given that the former two methods require
almost no feature engineering (e.g., deciding which features to use).

For all the sliding window classi�ers (Section 4.1), the size of
the sliding window was tuned by training on 80% of the training
dataset and using 20% of the training dataset as a validation set.
The selected window size was almost always 13, with the exception
of contracting parties and governing law where it was 11. The
regularization hyper-parameters of the learning algorithms (LR,
linear SVM) were tuned by performing a 3-fold cross-validation
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Contract sw-lr-emb sw-svm-emb sw-lr-hcf sw-svm-hcf sw-lr-all sw-svm-all

Element Type P R F1 P R F1 P R F1 P R F1 P R F1 P R F1
Title 0.89 0.86 0.88 0.88 0.86 0.87 0.86 0.88 0.87 0.92 0.86 0.89 0.91 0.91 0.91 0.91 0.91 0.91

Parties 0.89 0.81 0.85 0.89 0.84 0.87 0.94 0.80 0.86 0.94 0.83 0.88 0.92 0.85 0.89 0.92 0.87 0.89

Start 0.77 0.95 0.85 0.76 0.96 0.85 0.79 0.94 0.86 0.77 0.92 0.83 0.79 0.96 0.87 0.78 0.96 0.86
E�ective 0.63 0.61 0.62 0.60 0.79 0.68 0.89 0.45 0.60 0.86 0.74 0.80 0.71 0.63 0.67 0.67 0.79 0.72

Termination 0.68 0.86 0.76 0.55 0.94 0.69 0.67 0.61 0.64 0.59 0.74 0.66 0.68 0.86 0.76 0.54 0.95 0.69
Period 0.60 0.70 0.65 0.56 0.82 0.67 0.63 0.52 0.57 0.52 0.66 0.58 0.61 0.74 0.67 0.55 0.83 0.66
Value 0.70 0.56 0.62 0.69 0.60 0.64 0.71 0.41 0.52 0.59 0.46 0.52 0.70 0.56 0.62 0.68 0.61 0.64

Gov. Law 0.91 0.90 0.91 0.91 0.96 0.93 0.91 0.90 0.91 0.92 0.93 0.92 0.92 0.96 0.94 0.91 0.97 0.94

Jurisdiction 0.87 0.77 0.82 0.83 0.81 0.82 0.92 0.59 0.72 0.93 0.64 0.75 0.86 0.77 0.81 0.82 0.82 0.82

Legisl. Refs. 0.83 0.78 0.80 0.81 0.85 0.83 0.87 0.78 0.82 0.85 0.85 0.85 0.84 0.83 0.83 0.83 0.88 0.86

Headings 0.62 0.86 0.72 0.68 0.91 0.78 0.68 0.91 0.78 0.68 0.91 0.78 0.71 0.92 0.80 0.71 0.92 0.80

Macro-average 0.76 0.79 0.77 0.74 0.85 0.78 0.81 0.71 0.74 0.78 0.78 0.77 0.79 0.82 0.80 0.76 0.86 0.80

Table 4: Precision (P), Recall (R), and F1 score,measured per token.

on the 80% of the training dataset. Once the window size and
regularization hyper-parameter values had been selected, all the
classi�ers were trained on the entire training dataset.

5.2 Evaluation per Contract Element Instance

Having established that the best results of the sliding window clas-
si�ers are obtained using both the hand-crafted features and the
embeddings, we performed additional experiments to evaluate the
e�ect of the post-processing rules (Section 4.2) on the best sliding
window methods (sw-lr-all, sw-svm-all) and to compare against
the rule-based extractor (rules) and spaCy’s NER (Section 4.3). In
these experiments, the methods were evaluated by considering their
decisions per contract element instance. In the case of sliding win-
dow classi�ers, each (maximal) sequence of consecutive predicted
positive tokens (e.g., consecutive tokens predicted to be parts of
contracting parties) is treated as a single predicted contract element
instance, and similarly for the gold annotations of the tokens (e.g.,
‘Sugar 13 Inc.’ in Fig. 1 is a single gold contracting party instance).
Recall that the post-processing rules also produce contract element
instances (groups of tokens) of this kind; rules and spaCy’s NER
are also designed to identify instances of the same kind.

For each contract element type (e.g., contracting parties), the
strictest evaluation would now count as true positives only the
predicted contract element instances (of the particular type) that
match exactly gold contract element instances, and similarly for
false positives and false negatives. For example, if a method pro-
duced the instance ‘Sugar 13’ in Fig. 1, missing the ‘Inc.’ token, the
predicted ‘Sugar 13’ instance would be a false positive and the gold
‘Sugar 13 Inc.’ instance would be a false negative. In many practical
applications, however, it su�ces if an element extraction method
produces instances that are almost the same as the gold ones, espe-
cially in long instances (e.g., it does not matter if a method misses
1-2 tokens of a long title or legislation reference). Hence, we set a
threshold t ∈ [0.8, 1.0] for each contract element type (based on
requirements of our clients), and we consider a predicted instance
as true positive (TP) if (1) it is a substring of a gold instance (of
the same type) and the length of the predicted instance (in char-
acters, excluding white spaces) is at least t% of the length of the
gold instance, or (2) a gold instance is a substring of the predicted
instance and the length of the gold instance is at least t% of the

length of the predicted instance; otherwise the predicted instance
is a false positive (FP), and the gold instance is a false negative
(FN ) unless the gold instance matches another predicted instance.12

Precision, recall, and F1 are then de�ned as in Section 5.1, but using
the new de�nitions of TP, FP, FN for contract element instances,
not tokens. Unfortunately, to determine if a predicted and a gold
contract element instance satisfy the character length thresholds,
one has to examine the characters of the (non-encoded) tokens of
the test contracts, which is impossible with the encoded datasets we
provide. Hence, only token-based evaluation (Table 4) is possible
with the encoded datasets.

Table 5 lists the results of our second group of experiments,
where the methods were evaluated per contract element instance.
The results of Table 5 are not directly comparable to those of Ta-
ble 4, where the evaluation was per token. Nevertheless, Table 5
shows that the post-processing rules (-post) clearly improve the
performance of sw-lr-all and sw-svm-all (in both cases, from
0.69 macro-averaged F1 to 0.86). The most dramatic improvements
are observed in legislation references (from 0.36 and 0.27 macro-
averaged F1 to 0.92 and 0.94) and e�ective dates (from 0.48 to 0.83
and 0.91), but signi�cant improvements are also observed in several
other element types (e.g., termination dates, contract values, juris-
diction, clause headings), indicating that the post-processing rules
correct many frequent errors of the sliding window classi�ers. The
extractor that uses only manually written rules (rules) performs
overall better (0.74 vs. 0.69 macro-averaged F1) than the methods
that rely only on machine learning (sw-lr-all, sw-svm-all), achiev-
ing top precision or recall scores for several contract element types.
The methods that combine machine learning and post-processing
rules (sw-lr-all-post, sw-svm-all-post), however, are overall bet-
ter, which suggests that manually writing post-processing rules to
correct the decisions of machine learning classi�ers may be a better
investment of e�ort than developing entirely rule-based extractors.

In the case of contracting parties, the spaCy NER baseline (re-
sults in brackets in Table 5) obtains lower precision, higher recall,
and almost the same F1 score compared to rules, but performs
clearly worse than the sliding window classi�ers (with or with-
out post-processing). The latter indicates that training classi�ers

12The values of t are: 1.0 for start dates, e�ective dates, termination dates; 0.9 for
governing law and clause headings; 0.8 for other contract element types.
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Contract rules sw-lr-all sw-svm-all sw-lr-all-post sw-svm-all-post

Element Type P R F1 P R F1 P R F1 P R F1 P R F1
Title 0.97 0.54 0.69 0.86 0.86 0.86 0.88 0.86 0.87 0.84 0.93 0.88 0.83 0.93 0.88

Parties (spaCy) 0.96 (0.53) 0.39 (0.62) 0.56 (0.57) 0.93 0.80 0.86 0.90 0.82 0.86 0.96 0.85 0.90 0.95 0.85 0.89
Start 0.68 0.88 0.77 0.68 0.89 0.77 0.84 0.93 0.88 0.89 0.94 0.91 0.84 0.93 0.88

E�ective 0.84 0.95 0.89 0.57 0.41 0.48 0.44 0.53 0.48 0.86 0.80 0.83 0.87 0.95 0.91

Termination 0.66 0.98 0.79 0.52 0.74 0.61 0.49 0.85 0.62 0.79 0.91 0.85 0.75 0.96 0.84
Period 0.14 0.82 0.24 0.53 0.73 0.61 0.45 0.73 0.56 0.62 0.85 0.72 0.51 0.80 0.63
Value 0.69 0.92 0.79 0.65 0.86 0.74 0.67 0.86 0.75 0.74 0.92 0.82 0.72 0.94 0.81

Gov. Law 0.97 0.90 0.93 0.96 0.90 0.93 0.94 0.91 0.92 0.99 0.93 0.96 0.99 0.95 0.97

Jurisdiction 0.99 0.59 0.74 0.84 0.72 0.78 0.65 0.84 0.74 0.99 0.75 0.85 0.98 0.78 0.87

Legisl. Refs. 0.97 0.91 0.94 0.23 0.83 0.36 0.16 0.87 0.27 0.97 0.88 0.92 0.97 0.90 0.94

Headings 0.80 0.86 0.83 0.58 0.70 0.64 0.60 0.71 0.65 0.94 0.80 0.86 0.94 0.80 0.86

Macro-average 0.79 (0.75) 0.80 (0.82) 0.74 (0.74) 0.67 0.77 0.69 0.64 0.81 0.69 0.87 0.87 0.86 0.85 0.89 0.86

Table 5: Precision (P), Recall (R), and F1-score,measured per contract element instance.

especially for contract element extraction is better than using a
generic NER without retraining (and without modifying its fea-
tures), even for contracting parties that are close to named entity
types (organizations, persons) typically supported by generic NERs.

6 RELATEDWORK

Curtotti et al. [5] classi�ed lines (separated by line breaks) of Aus-
tralian contracts into 32 classes. Two of their classes correspond to
our contract titles and clause headings. Two of their other classes
correspond to entire lines containing contract elements we aim to
detect: ‘partyline’ is a line that contains a contracting party, without
tagging the exact tokens of the party; ‘datemadeline’ is presumably
a line containing a start date. There is no correspondence between
the other 28 classes of Curtotti and Mccreath (e.g., ‘recitalhead’,
‘recitalline’, ‘contacto�cer’, ‘emailline’) and the other contract ele-
ments of our work (e.g., termination date, governing law). Curtotti
and Mccreath experimented with several machine learning algo-
rithms (e.g., SVM, decision trees), using 40 hand-crafted features.
They obtained their best results (83.48% accuracy) with a single
multi-class classi�er that combined machine learning (Random For-
est) and manually written tagging rules (which provided additional
features to the Random Forest). They experimented, however, with
only 30 contracts from a corpus of 256.

Indikuri et al. [12] employed SVMs and n-gram features to clas-
sify contract sentences as clauses or non-clauses, and classify clauses
as payment terms or not, experimenting with only 73 sentences.
Gao et al. [8] used 2,647 contracts, but experimented only with
patterns to detect exception clauses (e.g., “in case of defect”).13 We
are unaware of other legal text analytics work on contracts.

In the broader context of legal text analytics Stranieri et al. [28],
Francesconi et al. [7], Mencia et al. [20] used an SVM and hand-
crafted features to segment French laws (e.g., identify titles, articles),
experimenting with 181 texts (1,146 articles). Hasan et al. [11] relied
on heuristics to segment Spanish legislative bulletins into their
components (e.g., articles), assuming that each bulletin includes
a table of contents, and experimenting with 50 texts. Biagioli et
al. [2] used an SVM with bag-of-word features to detect paragraphs
of Italian laws with particular types of information (e.g., obligation,

13The contracts of Gao et al. were obtained from http://contracts.onecle.com/.

sanction), then pattern matching to �ll in type-speci�c slots (e.g.,
entity sanctioned), experimenting with 582 paragraphs.

Dozier et al. [6] identi�ed judges, attorneys, companies, jurisdic-
tions, and courts in US trial documents. A CRF [13] with n-gram,
positional, and punctuation features was used to segment each
document into zones; then lists of known entities (e.g., courts) and
hand-crafted patterns were used to extract named entities from
particular zones. Manually constructed rules were employed to
map each extracted entity to a record (e.g., containing �elds for
the �rst name and surname of an extracted attorney name, along
with city names that occurred near the attorney name) and retrieve
candidate matching records from authority �les (e.g., records of
known attorneys). An SVM with �eld-speci�c similarity measures
as features was subsequently used to select the ‘best’ authority �le
record per extracted named entity record.

Quaresma et al. [27] employed an SVM with TF-IDF bag-of-word
features to classify European international agreements per topic.
They also used manually crafted patterns operating on parse trees
to extract locations, organizations, dates, and document references.
The experiments were performed on 2,714 agreements, each in four
languages (English, German, Italian, Portuguese).

To summarize, previous legal text analytics work on contracts
has focused on classifying entire lines, sentences, or clauses, using
smaller datasets or fewer classes. In the broader legal text analytics
context, the closest related work has considered segmenting legal
(mostly legislative) documents and recognizing named entities,
but the proposed methods are not directly applicable to contract
element extraction. For example, they employ hand-crafted features,
patterns, or lists of known entities that would have to be tailored
for contracts. Also, none of the previous work discussed above
considered word (and POS tag) embeddings.

7 CONCLUSIONS AND FUTUREWORK

We considered contract element extraction, a legal text analyt-
ics task with signi�cant practical value. As a starting point, we
constructed and made publicly available a labeled dataset of ap-
proximately 3,500 English contracts with gold contract element
annotations, which can be used to train and test contract element
extraction methods, along with a larger unlabeled dataset of approx-
imately 750,000 English contracts, which can be used to pre-train

http://contracts.onecle.com/
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word and POS tag embeddings. To bypass privacy issues, both
datasets are provided in an encoded form, where each vocabulary
word has been replaced by an integer identi�er. Word and POS tag
embeddings (pre-trained on the unlabeled dataset) and hand-crafted
features are also provided for the tokens of the datasets.

We experimented with contract element extraction methods that
rely on linear classi�ers (LR, linear SVM) with hand-crafted fea-
tures, word and POS tag embeddings. We also considered manually
written rules used instead of the linear classi�ers or to post-process
their decisions. A �rst group of experiments showed that the linear
classi�ers performed best when both the hand-crafted features and
the word and POS tag embeddings were used. Interestingly, the
embeddings on their own (without any hand-crafted features) led
to very similar, though overall inferior performance. In a second
group of experiments, we studied the e�ect of manually written
post-processing rules that correct frequent errors of the linear clas-
si�ers; we also compared against an entirely rule-based system and
a generic NER (for contracting parties only). The post-processing
rules signi�cantly improved the performance of the linear clas-
si�ers, leading to the same overall results for both LR and SVM,
outpeforming the rule-based system and the generic NER. The F1
score of the two best systems exceeded 0.84 (measured per contract
element instance) in all but one contract element types. We view
the methods of this paper as strong baselines for further work that
may experiment with more complex classi�ers (e.g., convolutional
or recurrent neural networks [9, 10]) using the data we provide.
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