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Abstract

A non-disclosure agreement (NDA) is a legal contract between at least two business parties that restricts the disclosure of
confidential and sensitive information. As part of the NDA document negotiation and review workflows, there is a need
to identify, extract and track clauses to ensure they comply with the companies’ policies. The legal Natural Language
Processing (NLP) landscape is rapidly evolving and offers a range of technologies and Machine Learning tools, such as
text classification, that enable users to automate various key stages of the contract life cycle, thus easing the administra-
tive burden. The proposed system was developed to classify individual clauses within an NDA contract. Automated legal
text classification is challenging due to the high dimensionality of a word-based feature space. Additionally, corporate
privacy concerns have limited the availability of publicly accessible legal corpora. To leverage the power of deep learn-
ing neural architectures, pre-trained word embeddings have attempted to resolve these issues by reusing an input feature
space trained on a large, general-purpose dataset, and then fine-tuning it to adapt to a downstream classification task on a
smaller annotated legal dataset. In this paper, we evaluate several shallow and deep supervised learning strategies for the
classification of 26 individual mutually exclusive clause classes within an NDA contract. The impact of using pre-trained
word embeddings on a small legal NDA contract dataset is also evaluated. The shallow SVM and XGBoost classification
methods outperform the deep learning long short-term memory neural network (LSTM) approach in a small imbalanced
dataset, even when supported by pre-trained embeddings. The potential of using novel transfer learning techniques that
allow reuse of legal-domain specific NLP models and feature representation schemes is explored.

Keywords Legal text classification - eDiscovery - Predictive coding - Technology assisted review - Natural language
processing - Machine learning - Deep learning - Word embeddings - Bi-LSTM - ELMo

Introduction data that will be created in the next two years will be more

than all of the data created in past 30 years [1].

Information management has become one of the most sig-
nificant challenges facing all businesses. Electronically
stored information is growing at a rapid pace, with the
Global DataSphere forecast predicting that the amount of

P4 Kevin Curran
kj.curran@ulster.ac.uk

School of Computing, Engineering and Intelligent Systems,
Ulster University, Derry, Northern Ireland

School of Law, Ulster University, Jordanstown,
Newtownabbey, Northern Ireland

3 Allen & Overy, Donegall Quay, Belfast, Northern Ireland

Published online: 29 August 2025

Lawyers and legal support teams can face overwhelming
eDiscovery and eDisclosure review and evidence gathering
tasks in large-scale litigation scenarios where documents can
number in the millions. This ultimately requires the dedica-
tion of significant levels of resourcing, incurring huge costs
that are passed on to the client. In a move to alleviate the
administrative burden from legal professionals and deliver
value for clients, there is increased momentum towards the
adoption and evolution of technology and data-driven strat-
egies that are designed to enhance the overall quality, speed
and cost efficiency of document review processes [2, 3].

Law is built on a framework of language and most legal
information used for activities such as contract review; doc-
ument analysis and legal research is stored as unstructured,
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natural, free form text that is not readily accessible for com-
puters. Natural Language Processing (NLP) offers a range
of methods for exploiting patterns and regularities within in
this unstructured data that can convert legal text into struc-
tured representations and document features that computers
and algorithms can analyse and understand [4].

NLP and Machine Learning are at the core of Predictive
Coding, which is one of the more recent developments in
Technology Assisted Review (TAR) and is an umbrella term
for several technologies and workflows that apply text clas-
sification algorithms to quickly cull through large volumes
of text data to quickly locate target documents or, at a lower
level, relevant sub-sections or clauses within a document.
As these technologies have matured in recent years, they
have begun to change the way the legal sector operates, sig-
nalling an era of increased automation with NLP being the
key component to reviewing and understanding legal docu-
ments at scale [5, 6].

A non-disclosure agreement (NDA) is a legal contract
between at least two business parties which restricts the
disclosure of confidential and sensitive information that
has been shared for a specific purpose. NDAs can be used
to share commercial or trading information, share intellec-
tual property or to formalise a relationship (e.g. between an
employer and employee). Such contracts play a vital role in
building relationships and create obligations among differ-
ent parties. Usually, contracts can be complex and full of
legal jargon. As part of the NDA contract workflows, there
is a need to identify and track clauses to address any vio-
lation of the contract terms. An automated contract review
process involves decomposing the documents into individ-
ual clauses for further assessment through key information
extraction and then mapping and comparison against a play-
book of gold standard terms [5].

Early contract review methods exploit the presence of key
terms and headings to guide information extraction, mak-
ing use of code-driven approaches such as regular expres-
sions (regex), decision logic and other pre-programmed
rule-based technology. While many of the modern offerings
still avail of these methods, there has been a shift of focus
towards sophisticated data-driven Machine Learning strate-
gies that can identify patterns in complex data and develop
their own logic and rules which are often too numerous and
complicated to pre-programme by hand [7].

Performance on text classification tasks varies greatly
and certain algorithms yield greater accuracy depending
on factors such as the length or volume of text or charac-
teristics of the textual content. However, many of the off-
the-shelf solutions available on the market offer a black box
system that is restricted to a single Machine Learning algo-
rithm and static pre-processing parameters for developing a
predictive model. In addition, they offer few guarantees of

SN Computer Science
A SPRINGER NATURE journal

the performance of these models, meaning the bulk of the
risk is transferred to the client. Realising the full benefits
of understanding the best approaches to training algorithms
and establishing robust pre-processing parameters is the
best way to empower legal teams with the knowledge they
need to implement efficient and reliable predictive coding as
part of a wider eDiscovery or eDisclosure process [8].

Within this context, this paper outlines several differ-
ent algorithms and pre-processing parameters applied to a
novel, real-world dataset of NDAs containing various com-
binations of 26 different clauses. The comparative study
assesses the performance of recent state-of-the-art models
against that of traditional statistical models for the legal text
classification challenge.

Related Research
Legal Text Classification

Text classification is a Supervised Machine Learning tech-
nique which assigns predefined categories to unstructured,
natural language text. In the context of law, text classifica-
tion is becoming increasingly important as the core func-
tionality behind Technology Assisted Review (TAR), also
known as Predictive Coding, which provides a suite of
automated techniques including document classification,
document clustering, document relevancy ranking and topic
labelling, that enable lawyers to efficiently glean valuable
insights from massive volumes of text data [9, 5].

Traditionally, popular shallow processing techniques
such as rule-based systems and Machine Learning algo-
rithms such as Logistic Regression, Support Vector
Machines (SVMs), Decision Trees and Naive Bayes, have
been considered robust baselines for a range of text clas-
sification tasks [10—-15]. Despite their simplicity, shallow
processing techniques often obtain state-of-the-art perfor-
mances if the right features are adopted and also have the
potential to scale to very large corpora [16].

Applying some of these techniques to legal text classi-
fication tasks, Chhatwal et al. (2016) evaluated SVM and
Logistic Regression models on three real-world legal datas-
ets. The aim was to gain a better understanding of the under-
lying techniques and pre-processing parameters required to
make predictive coding more effective in the task of deter-
mining document relevancy in an eDiscovery task. Results
showed that Logistic Regression outperformed the SVM
model across all three datasets, finding that predictive mod-
els generated using SVM would require review of 1.6-3.3%
more documents to achieve an equivalent average recall rate
than the Logistic Regression models. Using the scenario of
a one million document legal matter, the authors point out
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that the inefficiencies of a Predictive Coding system built
from a SVM model would require an extra 16,000 to 33,000
additional documents for review before achieving an equiv-
alent performance rate to a Logistic Regression system [8].

Shallow learning methods are largely restricted by the
quality of sample features that they employ. Having consid-
ered the use of different complex features for traditional text
classification models, the majority of researchers finally set-
tled on simple bag-of-word unigrams or bigrams [17]. The
main disadvantage of these methods is that they overlook
contextual information and sequential text structure thus
disregarding the semantic information contained within text
[18]. This has the potential to limit their generalisability to
large output feature spaces where data sparseness can lead
to certain classes having a small number of examples [14,
19].

To address this, recent approaches to NLP have centred
around the use of deep learning architectures to achieve
Language Modelling (LM), which utilises various proba-
bilistic and statistical techniques to infer the probability of
a given sequence of words occurring in a sentence given
rules for language context. Therefore, these methods auto-
matically provide semantically meaningful representations
to facilitate text analysis and mining. Zhang, et al. (2016)
present a Convolutional Neural Network (CNN) model for
text classification and adopt a granular labelling approach
that jointly utilises labels of both documents and their con-
stituent sentences that add further support to the overall
document classification. This two-level learning approach
was applied to five datasets that had document-level labels
and the requisite sentence-level labels. The authors found
that the CNN model consistently outperforms strong SVM
variant baselines across five different datasets [20].

Assessing the effectiveness of deep learning in a legal
context, Wei et al. (2018) train a CNN that uses GloVe
embedding inputs to the neural network on a text classifi-
cation task on four separate datasets of real legal data. The
authors found that the deep learning system outperformed a
baseline SVM algorithm but only when trained on the data-
sets that contained larger volumes of legal data. There was a
difference of 62,155 training samples on the largest dataset
compared to 11,935 training samples on the smallest dataset
[21].

The application of Recurrent Neural Network (RNN)
language models for learning sequential context has been
widely researched [22, 23]. However, parallelisation is
not possible with RNN architectures, making scaling to
large corpora or longer sequence length texts challenging.
Transformer and Bi-LSTM architectures facilitate signifi-
cantly more parallelisation along with bi-directional con-
text awareness and are thus more suited to a wide variety of
tasks including text classification [24, 25].

Legal text classification remains a relatively unexplored
area of deep learning research. Classification tasks, particu-
larly in the deep learning domain, require large quantities
of training data. However, the construction of large train-
ing sets is very costly and time consuming, and requires the
involvement of legal practitioner experts, who have a thor-
ough knowledge of the text and terminology, to label data
[6]. Privacy concerns are another barrier to building legal
text classification systems as it has led to a dearth of pub-
licly available annotated legal data. This low data scenario
has stifled the big data revolution in legal Machine Learning
compared to other areas of research. To address this, there
has been a shift of focus to transfer learning methods which
reuse pre-trained models as a starting point to be repurposed
for a second related task [26, 27].

Transfer Learning

Within the NLP frameworks, one approach to developing
deep architectures for specific language tasks, has been to
exploit unsupervised feature representation transfer learn-
ing from large datasets of general-purpose data such as
Wikipedia or Google News corpus, and reapply them to
smaller annotated datasets [28, 29].

Fixed feature-based and fine tuning are the two main
strategies for applying pre-trained deep neural language
models to downstream classification tasks. In Machine
Learning, a representation scheme transforms data from
its original representation (e.g. unstructured text) to a new
representation (e.g. a term-document frequency matrix)
that retains essential information that is necessary for the
task at hand. Feature-based approaches reuse a fixed input
representation scheme that has been pre-trained on a large
generic text corpus or multiple related corpora. However,
these ‘out-of-the-box’ models have been reported to under-
perform in specialised domains as they are highly skewed
towards generic language [30, 31].

More recently, fine-tuning approaches have been intro-
duced which reuse a feature space trained on a larger dataset
and adapt them for classification tasks on smaller annotated
datasets by simply re-learning the weights in single or mul-
tiple layers of the deep neural architecture. This has been
successfully demonstrated in the ELMo [32], BERT [33],
GPT [34] and ULMFiT [35] models. These models have
achieved impressive performance gains across many natu-
ral language processing tasks, such as question answering,
natural language inference, sequence labelling and text clas-
sification. Models leveraging these pre-trained embeddings
have achieved competitive results on all nine of the GLUE
natural language understanding benchmarks [36], the
SQUAD [37] and RACE [38] generic benchmark datasets
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and have also surpassed human baselines in certain tasks
[39].

Fine-tuning strategies have had varying success within
legal text classification tasks. Duan et al. (2019) developed
a multi-class legal text classification model for a legal ques-
tion and answering system using the BERT-Base Chinese
pre-trained model [40] that is then fined tuned on training
data sourced from the Chinese Judicial Reading Compre-
hension (CRJC) that was also created for the project. Whilst
the authors report that the BERT model is a useful base-
line, they do concede that it significantly underperforms
compared to human annotator performance. Performance
deficits can be attributed to a relatively small dataset of
approximately 10,000 documents and the limitations of a
generic BERT-Base Chinese model being deployed in spe-
cialised domain of a legal use case [41].

Bartolo et al. (2019) demonstrate the successful trans-
fer of feature-based pre-trained language models to a legal
domain task of litigation code classification. The authors
built upon the BERT framework [33] and developed it fur-
ther by fine-tuning the pre-trained parameters to identify
and extract context from short legal narratives before label-
ling with appropriate Judicial Codes (J-Codes). The feature-
based model achieved significant performance gains over
the next best performing SVM classifier [42].

Within specialised domains, such as law or biomedical
science where language can be nuanced, pre-trained models
have had varying degrees of success depending on the addi-
tional effort employed to adapt them to low coverage sce-
narios such as unusual terminology or phrase structures [43,
44]. Attempts to address this have proposed using sub-word
information to enrich vectors with additional morphological
context to ‘fill in the gaps’ and extrapolate from root words
and stems [45, 46].

These pre-trained approaches are now key components
in many natural language applications. However, their per-
formance has been challenged by human-level deep learn-
ing performance on large domain-specific datasets and by
shallow approaches, such as SVM and Bayesian methods,
outperforming when training on small dataset scenarios [47,
48].

Table 1 Breakdown of the number of training, validation and testing
sentences contained within the 66,567 sentence real-world NDA data-
set

# of Training Examples

# of Validation Examples # of

Testing

Examples
49,393 7,973 9,201
Overall total of examples 66,567
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Research Challenge

Text classification is challenging due to the high dimen-
sionality of word-based feature space. Ideally this can be
resolved through training complex models to perform fea-
ture selection and feature extraction on large datasets. Solv-
ing this problem in the legal text domain has been difficult
due to a lack of sharing of large publicly available corpora
over privacy concerns. As training of deep learning neural
architectures on small datasets may lead to overfitting, pre-
trained word embeddings might help to resolve these issues
by reusing an input feature space trained on a large general-
use dataset and fine-tuning it to adapt to a downstream clas-
sification task on a smaller annotated legal dataset.

Therefore, given (1) the recent success of training deep
neural models, supported by pre-trained contextualised
embeddings, in small data experiments and (2) the competi-
tive performance of shallow statistical methods against deep
learning approaches in these scenarios, this paper will com-
pare robust shallow baseline standards against deep neural
learning methods in the task of multi-class legal text classi-
fication of NDA clauses. To the best of our knowledge, this
is the first study to evaluate shallow and deep learning text
classifiers and the impact of pre-trained embeddings with
subword information in a legal text classification context
using a novel real-world dataset of NDA clauses.

Materials and Methods
Data

An in-house team of expert legal professionals manually
annotated a dataset of 675 NDA contracts - split into train-
ing (495), validation (93) and testing (87) subsets for the
supervised learning task. These documents contained a total
of 66,567 sentences, each of which could be part of one of
26 different clauses to be extracted in the multi-class cat-
egorisation task.

Table 1 gives a breakdown of the number of training,
validation and testing sentences within the NDA dataset.

Figure 1 shows the percentage breakdown of training,
validation and testing sentences within each clause category.
They are ordered from highest to lowest number of train-
ing samples across the clauses. The ‘Other’ or non-clause
class category contains a significantly greater number of
sentences compared to the clause class categories. The
breakdown of sentences for the ‘Other’ category is train-
ing (29,290 (59.3%), validation (5,490 (68.9%)) and testing
(5,108 (55.5%). To aid visualisation of the breakdown of
train, validation and test samples for each clause, the ‘Other’
category is removed from Fig. 1.
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Fig. 1 Class categories and percentage of labelled example sentences
of the 26 NDA clauses identified by the legal professional team dur-
ing the manual annotation task. Each category is broken down into
colour coded percentages of training (blue), validation (red) and test-

Preprocessing

Figure 2 gives a high-level overview of the text classifica-
tion pipeline. To begin with, input text was pre-processed
and segmented using a customised rule-based regex algo-
rithm that deals with sentence delimiter tokens and common
abbreviations. Standardised text cleansing techniques of
white space removal, lowercasing, tokenisation, stop word
removal and punctuation removal were also applied.

Label Imbalance

Label imbalance was present in the dataset. To address this
issue, several steps were taken. The ‘Other’ class contains a
significantly greater number of samples than the rest of the
classes. As these contracts make use of standard language a
certain amount of the samples are duplicates which could be
removed without removing any information from the data-
set. A combined oversampling and undersampling strategy
was applied to address imbalances within the dataset. For
those classes with the least number of samples, new exam-
ples of those clauses were drafted by the in-house Legal
Professional team to allow for more of them to be seen at

N
&P

m % of Validation Examples

< o0 Q 6 0 R & O X X &

< 2 2 2 2
¥ F TS S S S S
1o R O o S e AN O LA O O o}

m % of Testing Examples

ing (green) samples. Clauses are ordered from highest to lowest num-
ber of training samples across the categories. Note that clauses are
anonymised for commercial privacy

training time. Additionally, these classes were oversampled
so that each example of them is seen more often during an
epoch. A weighting was also applied to the classes to equal-
ize their importance, with the exception being the ‘Other’
class which was weighted lower to reduce its importance
during training.

Models

To demonstrate any improved performance from the use of
pre-trained contextual embeddings on this domain specific
task we perform benchmark comparisons against a variety
of different baseline models. Three models were evaluated
for the shallow learning strategies - Support Vector Machine,
Naive Bayes and XGBoost. All three classification models
were trained on n-gram (n ranges from 1 to 3) bag-of-words
representations of the input documents using Term Fre-
quency - Inverse Document Frequency (tf-idf) to convert
the text into feature vectors. We prefer n-gram frequencies
to single-token frequencies because combinations of words
are more distinct between different contexts/classes.

The deep learning approach adopts an ELMo-LSTM
framework. This framework is a stacked recurrent neural
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Fig. 2 Overview of the key processes of the NDA clause classification pipeline

network (RNN) architecture - bidirectional LSTM layer,
a LSTM layer followed by a feedforward output layer for
prediction. The input text was represented as a sequence of
pre-trained contextualised ELMo embeddings.

ELMo (Embeddings from Language Models) is a NLP
framework developed by AllenNLP. ELMo uses a deep,
bi-directional LSTM which is pretrained on the 1 billion
Word Benchmark news crawl data from WMT 2011. ELMo
models polysemy by analysing words within the different
linguistic contexts that they are used. It is also character
based, enabling the model to leverage morphological clues
to form representations of out-of-vocabulary words not seen
in training [32].

Adopting a fine-tuning strategy, the ELMo representa-
tion schemes that have been pre-trained on a larger generic
dataset are reused and fine-tuned in the downstream training
phase using the smaller NDA clause dataset.

SN Computer Science
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Table 2 A comparison of accuracy performance between the different
shallow and deep learning classification models on the NDA contract
clause extraction task

SVM  Naive Bayes XGBoost ELMo-LSTM
Train Accuracy 0.865 0.737 0.803 0.767
Val. Accuracy  0.803  0.709 0.777 0.759
Test Accuracy  0.810 0.712 0.763 0.760

Results and Discussion

The SVM classifier showed the highest overall accuracy
and both the SVM and XGBoost shallow machine learning
strategies outperformed the deep learning LSTM approach
using the small imbalanced dataset, even when supported by
contextualised pre-trained embeddings (See Table 2).

The Deep learning strategy failed to capture the term
diversity due to the small training dataset. Again, the weak-
est performance by the Naive Bayes model can be attributed
to the smaller amount of available data which tends to keep
precision and recall low.

Figure 3 shows a breakdown of the Precision, Recall and
F1 metrics for the top performing SVM model across each
individual clause of the Test NDA dataset. The results are
ordered from highest to lowest F1 performance across the
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Fig. 3 Percentage precision (blue), Recall (red) and F1 (green) metrics for the top performing SVM model across each individual clause of the test
NDA dataset. Clauses are ordered by highest to lowest F1 performance across the class categories

range of clauses. The variation in F1 predictive performance
ranges from a 97% highest performance (Clause D) to a
42% lowest performance (Clause K).

Overall, the weighted average performance across all
clause categories was Precision (84%), Recall (82%) and F1
(82%). The similar Precision and Recall scores indicate that
the model is performing well with a good balance between
correctly identifying positive cases and finding all relevant
positive instances. This suggests the model is both accurate
in its positive predictions and comprehensive in its ability to
capture all positives.

Shallow ML models can still outperform deep learning
methods, even when augmented with pre-trained embed-
dings. A high textual diversity compared with the amount of
available balanced training data contributed to some labels
having less associated data and thus decreasing accuracy.
The effectiveness of pre-trained methods to incorporate
prior knowledge and learn on low resource data has not been
realised in this study compared to other empirical investiga-
tions. An important contributing factor to this lower perfor-
mance compared to the baseline standards may be attributed
to the linguistic differences between the source text data for
the pre-trained embeddings and legal narrative of the target
NDA contract use case.

Conclusion and Future Work

The ELMo-LSTM framework, using a representation
scheme pre-trained on a larger generic corpus and fine-
tuned on the smaller legal dataset failed to achieve perfor-
mance gains over the best performing baseline.

There are challenges when it comes to adapting deep
learning neural classifiers for legal domain tasks. Legal text
differs in structure from the common, everyday language
that is used in Wikipedia and other mass sources of text
data that are used to train these state-of-the-art deep learn-
ing neural models. Indeed, the developers of the LawGeex
Contract Review Platform indentify this complex, counter-
intuitive and technical “legalese” as being the major barrier
to Machine Learning fully understanding contracts, as no
existing NLP computational language models or off-the-
shelf solutions can read legalese coherently [49]. They go
so far as to develop research around this legal ‘language’
and have created proprietary Legal Language Processing
(LLP) and Legal Language Understanding (LLU) models
for contract processing tasks, mirroring the success of simi-
lar approaches to text mining and information retrieval in
the biomedical domain with the development of Biomedical
Natural Language Processing (BioNLP) [46, 48, 49].

Novel transfer learning techniques that allow reuse of
legal-domain specific NLP models and feature representa-
tion schemes may help bridge the gap between the perfor-
mance of deep learning neural models on large and small

SN Computer Science
A SPRINGER NATURE journal



784 Page 8 of 10

SN Computer Science (2025) 6:784

datasets. Thus, the potential way forward is the training of
bespoke task dependent embedding models, a direction that
has achieved some success in the medical domain [26, 30]
and which could be applied across a variety of tasks in the
legal domain.

In an attempt to capture legal domain specific feature
representations, Chalkidis and Kampas (2019) were the first
researchers to make publicly available a word embedding
resource trained exclusively on large legal corpora. The
Law2Vec model utilises corpora from a range of public legal
sources amounting to a total of 123,066 documents consist-
ing of 492 million individual word tokens [44]. And most
recently, Chalkidis et al. (2020) have introduced LEGAL-
BERT, which is a family of BERT models pre-trained on
12GB of diverse, publicly available legal text from several
fields to assist in computational law and the application of
legal NLP to technology applications [50]. As the authors
have successfully demonstrated that integrating domain
knowledge into pre-trained models enhances the reasoning
ability between legal concepts, these dedicated legal frame-
works have accelerated progress in this research area.

To fully exploit the power of deep learning systems, they
must be trained on significant volumes of data. Given the
justified concerns over the privacy of resources, such as
contracts within the commercial law setting, access to suf-
ficiently large quantities of this type of data is not likely to
happen any time soon. Possible solutions for dealing with
low data scenarios include text augmentation strategies to
synthesise data to overcome privacy restrictions and arti-
ficially enlarge the amount of available training data [51].

Additional effort will be required to address small data
scenarios and nuanced legal terminology, particularly as we
seek to adapt and evolve solutions from an experimental set-
up to commercially viable solutions. However, the robust
performance of traditional statistical models indicates that
there is sufficient exploitable information within the legal
texts for both shallow and deep learning methods to per-
form legal NLP tasks as well as, if not better than, natural

language.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.o
rg/licenses/by/4.0/.
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