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Preface 

The nineteenth event of the Industrial Conference on Data Mining ICDM was held in 
New York (www.data-mining-forum.de) running under the umbrella of the World 
Congress on “The Frontiers in Intelligent Data and Signal Analysis, DSA 2019” 
(www.worldcongressdsa.com). 

After the peer-review process, we accepted 39 high-quality papers for oral presen-
tation, which are published in the ICDM Proceeding by ibai-publishing (www.ibai-
publishing.org. The topics range from theoretical aspects of data mining to applica-
tions of data mining, such as in multimedia data, in marketing, in medicine, and in 
process control, industry, and society. Extended versions of selected papers will ap-
pear in the international journal Transactions on Machine Learning and Data Mining 
(www.ibai-publishing.org/journal/mldm). 

In all, twenty one papers were selected for poster presentations, which are pub-
lished in the ICDM Poster Proceeding by ibai-publishing (www.ibai-publishing.org. 

A tutorial on Data Mining and a tutorial on Case-Based Reasoning were held after 
the conference. 

The conference was running in an inspiring atmosphere. The presenters of the oral 
presentations gave excellent talks and the audience acknowledged each talk with ex-
cellent questions. The poster presenters presented well prepared posters and gave in 
front of their posters a summary of their work in five minutes for the audiences. Af-
terwards the audience could step to the poster that they were interested in. The audi-
ence had a lot of questions and they gave valuable comments and new directions for 
the work in progress. In all was the poster session a very successful session.  

We would like to thank all reviewers for their highly professional work and their 
effort in reviewing the papers.  

We also thank the members of the Institute of Applied Computer Sciences, Leip-
zig, Germany (www.ibai-institut.de), who handled the conference as secretariat. We 
appreciate the help and understanding of the ibai-publishing publishing house 
(www.ibai-publishing.org) that handled the papers and published the proceedings. 

Last, but not least, we wish to thank all the speakers and participants who contrib-
uted to the success of the conference. We hope to see you in 2020 in New York at the 
next World Congress on “The Frontiers in Intelligent Data and Signal Analysis, DSA 
2020” (www.worldcongressdsa.com), which combines under its roof the following 
three events: International Conferences Machine Learning and Data Mining MLDM 
(www.mldm.de) , the Industrial Conference on Data Mining ICDM (www.data-
mining-forum.de), and the International Conference on Mass Data Analysis of Signals 
and Images in Artificial Intelligence and Pattern Recognition with Applications in 
Medicine, Biotechnology, Chemistry and Food Industry, MDA-AI&PR (www.mda-
signals.de). 

July 2019 Petra Perner 
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The LuNa Open Toolbox for the Luxembourgish
Language

Joshgun Sirajzade and Christoph Schommer

University of Luxembourg
Dept of Computer Science and Communication, ILIAS Lab

Campus Belval, Maison du Nombre,
L-4365 Esch-sur-Alzette, Luxembourg

Abstract. Despite some recent work [17, p. 5], the ongoing research
for the processing of Luxembourgish is still largely in its infancy. While
a rich variety of linguistic processing tools exist, especially for English,
these software tools offer little scope for the Luxembourgish language.
LuNa (a Tool for Luxembourgish National Corpus) is an Open Toolbox
that allows researchers to annotate a text corpus written in Luxembour-
gish language and to build/query an annotated corpus. The aim of the
paper is to demonstrate the components of the system and its usage for
Machine Learning applications like Topic Modelling and Sentiment De-
tection. Overall, LuNa bases on a XML-database to store the data and to
define the XML scheme, it offers a Graphical User Interface (GUI) for a
linguistic data preparation such as tokenization, Part-Of-Speech tagging,
and morphological analysis – just to name a few.

1 Introduction

Luxembourgish is one of the youngest languages of Europe and is a native lan-
guage for ca. half a million people [7]. Despite the fact that it has more written
and digital sources in comparison to other languages of its size, its research is
relatively sparse set by side to its neighboring languages like French or German.
The same applies to the building of an universal annotated corpus of Luxem-
bourgish, which can be used in research projects, as well as in NLP applications
of various kinds. The aim of LuNa is to make a contribution to compiling a corpus
for a language with lack of resources, which is also the case for Luxembourgish
language.

LuNa’s functionality is to tokenize and to standardize a text written in Lux-
embourgish, e.g., if orthographic variations for words appear. Additionally, LuNa
foresees a tagging of words using a POS Tagger. To analyze a text, LuNa sup-
ports the search of word formation affixes as well as the annotation of them as
such. In the context of the annotation process of word formation affixes, some
other analysis can be carried out, for example the analysis of morphological pro-
ductivity, or the search of the stems of the words with word formation suffixes
in the entire corpus [18]. Also, LuNa offers a simple lemmatization for the Lux-
embourgish language. Several approaches have been investigated, and a hybrid



(rule-based and statistical) lemmatizer is chosen because of its prominent per-
formance for Luxembourgish language. Beside data processing components, first
implementations in view of a sentiment analysis and topic modeling exist.

2 Implementation

The backbone of the system bases on a XML-Database eXist1 (v4.6), which is
run on an Ubuntu 14.4 Server. The corpus stored in this database is structured
in TEI-Format (Text Encoding Initiative, vP5). The frontend consists of an
application programmed in Java (v1.8). LuNa can act as a standalone application
to process a XML-corpus or as a software client, which operates with the XML-
Database.

2.1 Graphical User Interface

The following section describe parts of LuNa’s components. A video about LuNa
is available here2.

2.2 TEI

The Text Encoding Initiative (TEI ) is a kind of XML dialect for the organization
and structurization of text data. The plain benefit of using TEI lies in the fact
that it is standardized and well-documented. Thus, it is a format for exchanging
data among project participants and external collaborators.

The downside of TEI is that XML takes more storage space than, e.g., JSON.
TEI has guidelines for organizing metadata of the text and for structuring differ-
ent kinds of text genres – in particular manuscripts, interviews, and transcription
of speeches. This is useful, if a representative corpus of a language is to be build.
Below, there is an extract of a header of the poem ‘D’Lidd vum Jengsterdag’
(English: the song of yesterday from Michel Rodange (1827-1876)):

<TEI>

...

<titleStmt>

<title type="main">D’Lidd vum Jengsterdag</title>

<title type="sub"/>

<title type="short">D’Lidd</title>

<author>

<forename>Michel</forename>

<nameLink/>

<surname>Rodange</surname>

<addName type="pseudonym"/>

</author>

<editor>

1 http://exist-db.org/exist/apps/homepage/index.html, last seen on July 17, 2019
2 https://youtu.be/iLwz8DeJUoI
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<forename>Fernand</forename>

<surname>Hoffmann</surname>

</editor>

</titleStmt>

<publicationStmt>

<publisher/>

<pubPlace/>

<date>1964</date>

</publicationStmt>

...

</TEI>

2.3 XML-Database eXist

The XML-database eXist (v4.6) is used to manage the data. eXist has many in-
build tools – such as the browser based IDE eXide (Figure 1) and the standalone
Java Admin Client– and is open for public.

Fig. 1. eXide is a browser based editor provided by eXist. So, LuNa corpus can be
viewed with this tool over the internet.

2.4 Tokenization

Luxembourgish texts have different kinds of spelling. Additionally, problems
sometimes occur in preprocessing, because some writing applications or comput-
ers use different language settings. Thus, when the spelling seems to be correct,
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some characters are different according to their unicode encoding. As an exam-
ple for the last case we name the Luxembourgish article, which can be joined to
the following neutral and feminine nouns, like in d’Wielerin (English: voter) or
d’Opschwong (English: boost, boom, revival). Different Applications from where
our Luxembourgish texts are coming have different characters for apostrophes.
Therefore, all versions of used apostrophes should be specified in the parameter
for word delimiters (Figure 2). Low data quality can sometimes influence the
research outcomes in a negative way.

Fig. 2. XML-Tokenizer: Parameters like delimiters for tokenizing can be adjusted.
Characters, which can be ambiguous, can be formulated as regular expression, in order
to build exceptions.

2.5 Splitting the sentences

Similar to the question what a token is (at least formally) and accordingly how
to tokenize a text, there are some debates about splitting the texts into the
sentences [13, p. 166]. Without going into details of syntax research and asking
for a definition of a sentence or a syntactical unit, it is crucial to point out
the benefits of having this kind of information. LuNa uses sentence boundaries a
lot, in building concordance lines, POS-tagging, morphological analysis, etc. The
tools are delivering better results, if they are using sentence boundaries to carry
out further processing, because it is a natural unit for syntactical relationships.
The usage of sentence positions in POS-tagging will be discussed bellow. As
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Figure 2.5 indicates, the parameter for sentence boundaries – a list of characters
that divide sentences – can be specified in the GUI.

Fig. 3. Sentence splitter: Characters, which can denote sentence borders, can be ad-
justed. Each sentence gets an attribute, which signals its belonging to a certain sen-
tence.

2.6 Normalization (Standardization)

Text normalization plays a crucial role in text mining, which is represented in
the third tab in GUI of LuNa. Like the situation with English words center and
centre, Luxembourgish also contains such variations for many words. However,
comparing to English, it is particularly difficult in Luxembourgish text to deal
with these variations. On the one hand there is no sufficient amount of text
in Luxembourgish to support an automatic retrieval of these variations. On
the other hand writing in Luxembourgish has not been fully standardized (also
in comparison to German and French languages) for a long time. The official
orthography of the Luxembourgish language is relatively young. The situation
for the LuNa is peculiar for two reasons: First if one has literature or text in
Luxembourgish language that are already older than lets say 50 years, you will
already find many differences in spelling. Secondly, the aim of LuNa, is not only
its usage in building big research corpora, but also to be used by others, like
to be deployed behind language applications. And in such cases a good system
for standardisation is very important. LuNa uses for that a table, which can
hold regular expressions for normalizing the data (see Figure 4). The original
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text stays as always untouched in LuNa, and a new annotation is added with
normalized versions for carrying out searches and other investigations. This is
because some of the users might indeed be interested in spelling variations. By
doing so, no information is lost. Searching center may reveal that in some texts
centre occurs.

Fig. 4. Text Normalization in LuNa: A list of regular expressions can be specified, in
order to normalize the text. The normalized forms are again added as attributes, so
the original forms are not lost.

2.7 POS-tagging

Annotating a corpus with part of speeches is one of the most widely used methods
in text mining, as well as in corpus linguistics. It is a crucial step for a wide range
of tasks with various purposes. A vast amount of research has been carried out in
this field and there are already many ready-to-use tools [13, p. 29]. Nevertheless
the developers behind LuNa took the chance and the challenge to implement
a new one. As there are many models available, it was easy to implement one.
Mason[11] shows, how a tagger can be implemented in the programming language
Java. Manning and Schütze[10, p. 341] discuss statistical backgrounds of taggers.
The history of POS-Taggers began rule based with poor results. But they are
performing better, since the machine learning algorithms are applied to them.
Especially those like baayesian networks, decision trees and neuronal networks
have been successfully applied in POS-tagging [14, 15]. And later on, the so
called hybrid approach was introduced, which makes use of rules, where they are
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deterministic and classifying in all other cases. The developers of LuNa decided
for baayesian statistics and decision trees, sine they are simple to implement
and easy to understand. The intermediate results of a training process can be
seen with the POS-Trainer component in LuNa (Figure 5). Such a functionality
is beneficial for both research and application purposes. Users can repeat the
calculations behind the algorithms to a certain point.

Fig. 5. POS Trainer: Here it is possible to choose training files and see the results of
the training process. They are conditional probabilities for given feature. The model
can be stored locally or into the database.

2.8 Other Features in POS Tagging

Approaching the problem from the linguistic point of view new features were
added. LuNa uses not only the word order which is one of the most popular
features used in POS-tagging, e.g. part of speeches like articles and adjectives
are normally followed by a noun, but also uses the positions of the words in a
sentence. This feature takes the information into account, which part of speeches
are likely to occur in the first, second till the last position of the sentence. The
reason of using positions is that for languages like Luxembourgish and German,
the word order can be relatively flexible. These languages have more morpholog-
ical means to express grammatical information than english such as declination
of nouns. Because of the declination, one can change word order, but the subject
and the object will still remain the same. Furthermore, in these Languages the
positions for verbs can be at the end of a relatively long sentence. In this case,
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Fig. 6. POS-Tagger: The user can tag new texts with pre-trained models. It is also
possible to choose between features to use.

the use of n-gramms is not always sufficient to capture such information. For
this purpose, word positions in the sentence might be again very informative.

Another useful feature in Luxembourgish language is the so called ‘upper
case’, because nouns are capitalized regardless of their positions in the sentence.
Thus, this indicator is used to distinguish nouns from other word classes. (But
this indicator is not useful for words appearing at the beginning of the sentence.)
Besides, LuNa POS-Tagger uses rules, which are applied in two steps. 1) Before
the tagging process, e.g. numbers are recognized as such or characters in a sen-
tence. 2) After the tagging process. Here sometimes rules help to choose one
candidate out of two possible ones. The features for the tagging can be selected
in the GUI (Figure 6). After the tagging process the xml file has the following
annotations.

<lb/>

<w pos="P" id="12" sen="3">Ech</w>

<w pos="V" id="13" sen="3">géing</w>

<w pos="D" id="14" sen="3">d’</w>

<w pos="N" id="15" sen="3">Regierung</w>

<w pos="V" id="16" sen="3">froen</w>

<c pos="$" id="17" sen="3">,</c>

<w pos="KO" id="18" sen="4">ob</w>

<w pos="P" id="19" sen="4">si</w>

<lb/>

<w pos="D" id="20" sen="4">iergendeng</w>

<w pos="N" id="21" sen="4">Kommunikatioun</w>
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<w pos="APPR" id="22" sen="4">un</w>

<lb/>

<w pos="D" id="23" sen="4">d’</w>

<w pos="N" id="24" sen="4">Chamber</w>

<w pos="PTK" id="25" sen="4">ze</w>

<w pos="V" id="26" sen="4">maachen</w>

<w pos="V" id="27" sen="4">huet</w>

<c pos="$" id="28" sen="4">.</c>

<lb/>

2.9 Morphological Analysis

Morphological Analysis in LuNa concerns mainly the identifying and annotation
of different affixes in the words. So far, the word formation affixes of Luxembour-
gish could be annotated successfully. Figure 2.9 shows how one can annotate the
Luxembourgish prefix on in the words like onbedéngt (en. unconditionally), or
ongesond (en. unhealthy). Annotating of morphological information can be use-
ful for many reasons, especially in understanding of the structure of a language
[18] or even in practical tasks like language generation etc.

Fig. 7. Finding the tokens with the prefix on (en. un like in uncertain).

2.10 Exploring the Corpus

Under the tab Frequency an X-Path expression can be formulated, in order e.g. to
see the frequent used words in the corpus. Because the corpus is well structured,
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it is possible to see the word counts per document or in the entire corpus, in order
to carry out further analysis. The word counts can also be narrowed down to
specific part-of-speeches, for example, it is possible to see the most used nouns
or verbs. Figure 2.9 shows the extraction of frequent nouns from parliament
speeches.

Fig. 8. Frequency analysis with x-path.

2.11 Topic Annotation

LuNa Corpus Tools integrates the ready to use java library MALLET (MAchine
Learning for LanguagE Toolkit)3, which has an implementation of various ma-
chine learning algorithms [12]. Luna uses MALLETs module for Topic Modeling,
which is an implementation of Gibbs Sampling for Latent Drichlet Allocation
[3, 19]. Topic Modeling has already been used successfully in many application
cases, e.g. in financial news [16, 9]. [1] discusses the benefits of using topic annota-
tion in corpus building. The obvious benefit of Topic Modeling for law resourced
languages lies in its being a unsupervised technique. So, no labelled training set
is needed. At the moment, LuNa is able to display the topics extracted from the
corpus (Figure 9). The following xml file shows the first five topics with first five
words in them extracted from parliament texts.

<topic>

3 http://mallet.cs.umass.edu/, last seen on July 17, 2019
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<word rank="1" count="35.0">sécher</word>

<word rank="2" count="16.0">verfassung</word>

<word rank="3" count="12.0">géife</word>

<word rank="4" count="12.0">eent</word>

<word rank="5" count="12.0">hätten</word>

</topic>

<topic>

<word rank="1" count="6.0">décidéiert</word>

<word rank="2" count="2.0">fraktur</word>

<word rank="3" count="2.0">statsfinanze</word>

<word rank="4" count="2.0">wochen</word>

<word rank="5" count="2.0">éischte</word>

</topic>

<topic>

<word rank="1" count="13.0">weisen</word>

<word rank="2" count="13.0">éischter</word>

<word rank="3" count="10.0">bon</word>

<word rank="4" count="8.0">ëffentlech</word>

<word rank="5" count="8.0">hëllefen</word>

</topic>

<topic>

<word rank="1" count="4.0">aféieren</word>

<word rank="2" count="3.0">solle</word>

<word rank="3" count="3.0">zil</word>

<word rank="4" count="2.0">gesondheetspolitik</word>

<word rank="5" count="2.0">populär</word>

</topic>

<topic>

<word rank="1" count="3.0">schoulen</word>

<word rank="2" count="3.0">suivi</word>

<word rank="3" count="3.0">iwwerhaapt</word>

<word rank="4" count="3.0">kéier</word>

<word rank="5" count="2.0">iraneschen</word>

</topic>

2.12 Sentiment Detection

Some recent advances in sentiment analysis in various social platforms [6, 8]
makes its application easy. There are attempts in building corpora with sen-
timent annotations and their linguistic description [20, 4, 5]. However, low re-
sourced languages have special challenges, the accuracy may drop depending
on the size of training data [2]. There is a tab with a functioning sentiment
training and analysis in LuNa Corpus Tools. The concrete application case for
sentiment analysis for Luxembourgish language emmerged from the collabora-
tion with RTL. The RTL web presence began since the year 2008 allow readers
to write commentaries on the news. After then more than half million commen-
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taries are written on the RTL homepage for different news, articles and posts.
Currently, LuNa uses the LibSVM4 library, in order to classify the sentiments.

<sentence value="positive">

<w id="97" pos="N" sen="7" tagger="0,2">Et</w>

<w id="98" pos="AUX" sen="7" tagger="0,18">ginn</w>

<w id="99" pos="PTK" sen="7" tagger="0,17">net</w>

<w id="100" pos="AV" sen="7" tagger="0,15">nemmen</w>

<w id="101" pos="N" sen="7" tagger="0,25">Jempi&apos;en</w>

<w id="102" pos="AV" sen="7" tagger="0,23">hei</w>

<w id="103" pos="APPRART" sen="7" tagger="0,16">am</w>

<w id="104" pos="N" sen="7" tagger="0,56">Land</w>

<c id="105" pos="$" sen="7" tagger="0,33">.</c>

</sentence>

<sentence value="positive">

<w id="106" pos="P" sen="8" tagger="0,24">Et</w>

<w id="107" pos="V" sen="8" tagger="0,26">gin</w>

<w id="108" pos="AV" sen="8" tagger="0,15">och</w>

<w id="109" pos="AV" sen="8" tagger="0,19">nach</w>

<w id="110" pos="ADJ" sen="8" tagger="0,18" value="positive">gudd</w>

<w id="111" pos="APPR" sen="8" tagger="0,12">an</w>

<w id="112" pos="ADJ" sen="8" tagger="0,14" value="positive">diplômé&apos;ert</w>

<w id="113" pos="N" sen="8" tagger="0,4">Studenten</w>

<c id="114" pos="$" sen="8" tagger="0,31">.</c>

</sentence>

3 Tests

In the moment the corpus of Luxembourgish language is composed of two parts.
The first part is the fully annotated part of the corpus. It provides rich meta data
on the genre, date of origin, author(s) etc. The texts here are fully tokenized,
normalized and POS-annotated. Currently this part has ca. 20 mio. running
tokens. 10 mio. of these tokens belong to the transcriptions of speeches in the
Luxembourgish Parliament (Chambre des Députés) from the year 2003 ongoing,
divided in ca. 300 documents. Approximately 5 mio. tokens are gathered from
the news from the web presence of RTL (Radio Télévision Luxembourg). These
are mainly interviews. Furthermore, there is a part of corpus containing docu-
ments from Luxembourgish literature (literature in Luxembourgish language to
be precise) with ca. 2.5 mio. running tokens. The rest is also interviews in the
Luxembourgish language, but this time, carried out for research purposes at the
university of Luxembourg. In the second part of the corpus there are some other
70 mio. token text data from the web presence of RTL, which are already digital
and are going to be annotated. These data can be already used for several other
purposes, fist of all for statistical analysis. Moreover, we are constantly provided

4 https://www.csie.ntu.edu.tw/
cjlin/libsvm/, last seen on July 17, 2019
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with new text data, which must be digitized in order to be used to enrich the
corpus.

As mentioned before, using rules improves the performance of the tagger,
especially in the case of low resourced languages. Trained with ca. 17 thousand
pre-tagged tokens without the rules the tagger gives the accuracy of 87% with
decision trees. Applying the mentioned rules improves the accuracy up to 92%,
which is not good for languages like English or German, but seems to be sufficient
considering the low resourced background of Luxembourgish language.

For Sentiment Analysis training the models with existing relative languages
like German, does not help the performance much here. The same applies to
the translation of existing English or German resources into Luxembourish, be-
cause due to lack of resources the translation in itself does not deliver good
performance. That is why, the linguistic department of the university has de-
cided to annotated sentiments manually. Currently, LuNa riches the accuracy of
67%, when trained with 2081 pre-labeled sentences. These sentences contain the
classical notation for sentiments; positive, neutral and negative.

Fig. 9. Topic Modeling with Parliament text.

4 Conclusions and Future Work

LuNa has a strong decline to a corpus building. Many of the procedures like
tokenization, normalization, POS-tagging, Lemmatization are a crucial steps in
the processing of natural language. LuNa is currently applied in the processing
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of news messages (provided by RTL Luxembourg) as well as in the processing
of users’ comments. Working with such commentaries has its specific problems:
firstly, the writing style is much more diverse than it is for the standard Luxem-
bourgish language. Secondly, research fields like, e.g., Sentiment Analysis deliver
consequently poor results in such low resourced languages. A training of the
models with existing relative languages – like for example German – is not really
supportative. The same applies to the translation of existing English or German
resources into Luxembourgish, because due to lack of resources the translation
in itself does not deliver good performance. Future work concern the support of
research disciplines like Topic Modeling or Sentiment Analysis. It should be not
only possible to extract Topics from the corpus, but also to store annotations
for further usage.
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Abstract. Text classification (TC) is an important component in many research 

domains, such as information extraction, information retrieval, and text mining. 

Therefore, the question of whether and how TC can be generally improved is 

crucial. In this research, we implemented a method that partially resembles the 

multiplication method. An example of the multiplication method from an entirely 

new domain is the construction of a new high tower based on several adjacent 

towers of various heights (lower than the new tower). We tested our method on 

three benchmark text corpora. For each corpus, we applied TC, using three su-

pervised machine learning methods, and combinations of 20 versions of the input 

files (e.g., the original input files and/or their first halves and/or their second 

halves and/or first thirds and/or second thirds and/or last thirds). Extensive ex-

periments showed that TC using the first part (e.g., half or third) of the original 

input files yielded better results than TC using other partial parts of the original 

input files. Furthermore, the use of the original input files and their first thirds 

improved the accuracy results achieved by the original input files for the three 

tested corpora. The best results obtained by our model were significantly better 

than the state-of-the-art results in two corpora out of the three tested corpora. 

Keywords: Benchmark Text Corpora, Input Files, Multiplication Method, Text 

Classification, Term Frequency, Supervised Machine Learning. 

1 Introduction 

Text classification (TC) is the supervised learning task that assigns natural language 

text documents to one (the typical case) or more predefined categories (Joachims [19]). 

Classification algorithms typically use at least one supervised machine learning (ML) 

algorithm (Sebastiani [35]). TC is being applied in an increasing number of fields, e.g., 

document indexing, information retrieval (IR), information extraction, stylometric 

analysis tasks, text filtering, text mining, and word sense disambiguation (Sebastiani 

[35]). In many domains, computerized TC often rivals human performance. 

TC comprises two primary types: stylistic classification, and topic-based classifica-

tion. Stylistic classification is typically performed using linguistic features such as 

quantitative features, orthographic features, part of speech tags, function words, and 
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vocabulary richness features (e.g., [10, 11]), whereas topic-based classification is typi-

cally performed using bag-of-words (BOW) representation or word n-grams (for n > 1) 

(e.g., [12, 13]). 

In this study, we develop creative ideas that will improve the accuracy of TC results. 

Boyd and Goldenberg [1] claimed that creative methods should be based on the world’s 

experience (‘inside the box’), i.e., creative ideas should be structured and based on ex-

isting templates. One of the methods suggested by Boyd and Goldenberg is the multi-

plication method. The multiplication method (or technique) is defined as copying an 

already existing element, but changing it in some counterintuitive way. Using the orig-

inal element and/or the copied and changed element(s) might improve the original ele-

ment, or might yield an innovative idea. Boyd and Goldenberg demonstrate how the 

construction of a tower with more than n floors is done using the multiplication method. 

Rather than building a single very high tower, which might be unstable because of 

winds or an earthquake(s), and therefore might be dangerous, it is recommended to 

build several adjacent towers of various heights (less than n+1 floors). At or near the 

middle of this set of towers, a tower with more than n floors could be built. The support 

of the various towers around the central tower allows it to be higher than n floors, and 

still be stable. Figure 1 presents the structure of the Sears Tower, now called the Willis 

Tower1, which is where this idea was originally applied. 

Fig. 1. Structure of the Sears Tower. 

While Boyd and Goldenberg did not relate to TC, our motivation is to investigate 

whether TC based on BOW representation can be improved using an adapted multipli-

cation method. In topic-based classification, various ML methods (e.g., support vector 

machines (SVMs, Cortes and Vapnik [7]) and Naive Bayes (NB, Heckerman [17])) 

have been reported to use BOW representation with accuracies of 90% and greater 

(Joachims [19]). 

The idea of upweighting document zones for TC is not novel, and various variants 

of this idea have been tested (Section 2). However, in this study, we apply the weighting 

zones to TC in a manner that has not yet been attempted before, to the best of our 

1 https://en.wikipedia.org/wiki/Willis_Tower. By Cmglee - Own work, CC BY-SA 3.0, 

https://commons.wikimedia.org/w/index.php?curid=15436754. last accessed 11/MAR/2018. 
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knowledge, as follows. TC will be applied using 20 combinations of the original docu-

ments with/without different halves and thirds of the documents. In contrast to methods 

that were applied in various previous studies, our method is also applicable to docu-

ments that do not include any special parts such as title, keywords, headings, introduc-

tion, and conclusions. We validate the proposed model using three benchmark corpora 

to determine the best combinations for TC. 

 Let us define “ALL” as the set of all the original input files in the training sub-

dataset (later, we will define “ALL” in a practical way as the normalized frequencies 

of the top 1000 occurring word unigrams for all files of the training sub-dataset). We 

hypothesize that (1) TC using a training sub-dataset consisting of the first parts (i.e., 1st 

half or 1st third) of ALL (i.e., using the 1st half or 1st third of each file of ALL) will yield 

better results than TC using a training sub-dataset consisting of other partial parts of 

ALL (e.g., 2nd half or 2nd or 3rd third) and (2) TC using ALL and 1st third (or 1st half) of 

ALL will yield better results than TC using ALL. We then validate these hypotheses by 

analyzing three benchmark corpora using three ML methods, feature filtering, and pa-

rameter tuning. 

Thus, this study successfully and innovatively solves a well-studied TC problem 

from a different perspective using a solution (multiplication method) taken from a com-

pletely different area (general creativity).  

The key contributions of this paper are (1) the implementation of an intensive set of 

experiments influenced by the multiplication method; (2) the primary findings of this 

study: TC using the first part (e.g., half or third) of the original input files yields better 

results than TC using other partial parts of the original input files, and TC using the 

original input files and their first thirds yields better results than TC using the original 

input files in three different benchmark text corpora (in two corpora, the improvements 

were statistically significant); (3) the conclusions of the study: the best results obtained 

by this model are significantly better than the state-of-the-art results for two of the three 

examined corpora. 

The structure of the article is as follows. Section 2 introduces text classification, 

using upweighting document zones. Section 3 presents the examined datasets and the 

proposed model. Section 4 presents the experimental results of our model applied on 

the three examined benchmark datasets. Section 5 concludes and offers some sugges-

tions for future research. 

2 TC Using Upweighting Document Zones 

As mentioned above, the idea of upweighting document zones for TC is not novel, and 

various variants have been tested (Manning et al. [27]). For example, upweighting title 

words was found to be effective for TC (Cohen and Singer [6], p. 163). 

A widely used weighting method, is term frequency - inverse document frequency 

(TF-IDF) (Salton et al. [34]). This method assigns weights to terms based on their fre-

quencies and inverse document frequencies. Various variants of the TF-IDF have been 

proposed to improve TC accuracy (e.g., Zhang et al. [40], Liu and Yang [25]). 
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Murata et al. [29] investigated IR in newspaper documents written in Japanese. Their 

system won the Japanese language IR contest held in 1999. The experiments confirmed 

the effectiveness of assigning high weighting to certain types of categories extracted 

from the document, such as the document’s title, and the first sentence of the body of 

the document.  

Lowe et al. [24] applied TC to full papers from the proceedings of ICED 1999. The 

papers were classified according to themes, using different document zones: title, key-

words, snippet (the first 400 characters in a document), headings (the section headings), 

introduction and conclusions, and body text. The best results were shown to be achieved 

by the document keywords, title, and snippet. These findings confirm the expected hy-

pothesis that important terms are featured in a paper's title, and are mentioned early in 

the document. 

Ko et al. [22] applied TC based on the importance of sentences. They measured the 

importance of sentences using text summarization techniques. They represented each 

document by a vector of features, with different weights according to the importance 

of each sentence. The results of the experiments showed that their method achieved a 

significant improvement for all combinations of four classifiers (NB, Rocchio, k-near-

est neighbors (k-NN), and SVM) and two data sets (one in English and one in Korean). 

Ren and Sohrab [32] developed a class-indexing-based term-weighting scheme 

called TF-IDF-inverse class space-density frequency, giving a positive discrimination 

to both rare and frequent terms, thus enhancing the indexing process to generate more 

informative terms. The experimental results showed that their approach using SVMs 

and the centroid classifier outperformed six well-known baseline term-weighting ap-

proaches. 

Escalantea et al. [8] presented a genetic algorithm that learned term-weighting 

schemes (TWSs) that represented documents under the vector space model. They re-

ported experimental results in 16 well-known datasets comprising thematic TC, author-

ship attribution, and image classification tasks. The results demonstrated that their ge-

netic TWS method outperformed the traditional schemes and the TWSs proposed in 

recent studies. 

Jiang et al. [18] introduced a deep feature weighting method (DFW) for the NB ML 

method. The DFW method estimated the conditional probabilities of NB by deeply 

computing feature-weighted frequencies from the training data. The results on a collec-

tion of 36 benchmark datasets from the UCI repository showed that when compared to 

standard NB, NB with DFW significantly improved, in many cases, the TC perfor-

mance. 

3 Examined Datasets and Model 

3.1 Examined datasets 

The three examined datasets are benchmark datasets: mini 20 newsgroups (Mini20), 

WebKB, and R8. These datasets were constructed by Cardoso–Cachopo [4] for single-

label TC to allow for an easier comparison of different studies and algorithms. Table 1 
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introduces general information about these three datasets; more details are given after 

the table. 

The Mini20 dataset [28] contains 2,000 documents evenly divided into 20 Usenet 

discussion groups. This dataset is a subset of the famous 20 newsgroups dataset, which 

contains approximately 20,000 documents. 

The Web4 dataset (Cardoso–Cachopo [3]) - the four universities dataset - contains 

4,199 documents. These documents are webpages that were manually classified into 

four classes: student, faculty, course, and project. The original WebKB dataset [37] 

contains webpages classified into seven classes. Three classes (department, staff, and 

other) were discarded according to Cardoso–Cachopo [3] because they either contain 

only a few pages from each university, or their pages are different from each other. 

The R8 dataset [31] is a sub-corpus of the Reuters-21578 [33] dataset. R8 is distrib-

uted into 8 categories of the 10 most frequent classes. The collection contains 7,674 

documents. The documents were classified by a human indexer. All datasets were 

downloaded from Cardoso–Cachopo [4]. 

3.2 The Model 

Our model is language-independent, domain-independent, and text-structure-independ-

ent, in contrast to many systems, e.g., previous TC studies (Section 2) that assume spe-

cial text zones (e.g., title, headlines, keywords, introduction, and conclusions).  

In the model, we applied three supervised ML methods: sequential minimal optimi-

zation (SMO) (Platt [30], Keerthi et al. [21]), LibSVM [5], and simple logistics (SL) 

[23, 24] using the WEKA platform with their default parameters (Witten and Frank 

[38], Hall et al. [16]). For each TC task, we used the experimental mode in WEKA 

Version 3.9.1 with the following settings: train (67%) / test (33%) (data randomized) 

and the number of repetitions of the experiment set to 10.  

A brief description of these three ML methods are as follows: SMO (Platt [30], 

Keerthi et al. [21]) is a variant of the SVM ML method (Cortes and Vapnik [7]). The 

SMO method is an iterative method created to solve the optimization problem fre-

quently found in SVM methods. LibSVM is a programming library that facilitates re-

searchers’ SVM classification performance; it was developed by Chang and Lin [5]. It 

includes the typical kernels (linear, polynomial, radial basis function (RBF), and sig-

moid) (Karatzoglou et al. [20]). SL is a variant of logistic regression (LR). LR (Le 

Cessie and Van Houwelingen [24]) is a variant of a probabilistic statistical classifica-

tion model, which is used for predicting the outcome of a categorical-dependent varia-

ble (i.e., a class label) based on one or more features. SL is a variant of LR implemented 

in the WEKA platform (Landwehr et al. [23], Sumner et al. [36]). 

The general TC algorithm is as follows (more details will be given afterwards): 

Table 1. General information about the three datasets. 

Dataset Mini20 Web4   R8 

# of documents 2,000 4,199 7,674 

# of classes 20 4 8 
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For each dataset, the following steps were performed: 

1. All instances of 421 known stopwords for English text (Fox [9]) were re-

moved.

2. The frequencies of all word unigrams from the training dataset were computed.

3. The top 5000 frequent word unigram were chosen.

4. Three supervised ML methods (SMO, LibSVM, and SL) were applied to clas-

sify ALL using from 1000 to 5000 word unigrams (in steps of 1000) and deter-

mine a reasonable number of word unigrams for the BOW representation.

5. The accuracy results of these three supervised ML methods were defined using

1000 word unigrams as the baseline results (see explanation in the analysis of

Table 2).

6. The three supervised ML methods were then applied on 19 additional combi-

nations of the original documents with/without different halves and thirds of

ALL.

7. For the best accuracy results, InfoGain (IG) (Yang and Pedersen [39]) was

used for feature filtering and we also performed parameter tuning.

8. For improved accuracy results (step 7), additional measures were also com-

puted including the precision, recall, and F-measures.

To determine the reasonable number of word unigrams to be applied to the BOW, 

we performed TC experiments for each pair of dataset and ML method, using five dif-

ferent sets, containing 1000-, 2000-, 3000-, 4000-, and 5000-word unigrams. Table 2 

presents the TC accuracy results using 1000-, 2000-, 3000-, 4000-, and 5000-word uni-

grams for the three examined benchmark datasets and three applied supervised ML 

methods (SMO, LibSVM, and SL). 

Tables 2-5 include various annotations as follows. The annotation “v” or “*” indi-

cates that a specific result in a certain column is statistically better “v” or worse “*” 

than the baseline results (i.e., the results in the first row for each dataset). 

 To compare the different results, we performed statistical tests using a corrected 

paired two-sided t-test, with a confidence level of 95%. Underline represents the two 

best baseline accuracy results that were obtained for each dataset. Italics and “v” rep-

resent accuracy results that were significantly better than the baseline results for each 

ML method. Italics without “v” represent the accuracy results that were better than the 

baseline results (but not significantly better) for each ML method.   

For all three datasets and the two best ML methods (LibSVM and SL) according to 

their results, the best accuracy results were achieved using either 2000- or 4000-word 

Table 2. TC accuracy results for various # of word unigrams 

for 3 datasets & 3 ML methods. 

Min20 Web4 R8 
 # of 
 uni-

grams 

SMO Lib-
SVM 

SL SMO Lib-
SVM 

SL SMO Lib-
SVM 

  SL 

1000 80.80 90.17 93.03 89.66 91.22 91.01 95.74 96.47 95.84 

2000 81.61 90.48 93.21 90.03 91.65 91.79 95.95 96.79  96.00 

3000 82.23 v 90.26 93.23 90.15 91.76 91.57 95.76 96.88  95.78 

4000 82.77 v 90.30 93.30 90.01 91.77 91.39 95.62 96.96  95.92 

5000 82.58 90.24 93.11 90.11 91.71 91.38 95.58 96.92  95.97 
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unigrams. However, these results were not significantly better than the baseline accu-

racy results using 1000-word unigrams. Thus, owing to runtime considerations, we de-

cided to continue our experiments using 1000-word unigrams. 

We compared the accuracy of results obtained using ALL (the normalized frequen-

cies of the top 1000 occurring word unigrams for all files of the training sub-dataset) to 

the accuracy of results achieved using the following combinations: the 1st halves of 

ALL (the normalized frequencies of the top 1000 occurring word unigrams for the train-

ing sub-dataset composed of the first half of each file of ALL), the 2nd halves of ALL, 

the 1st thirds of ALL, the 2nd thirds of ALL, the last thirds of ALL, the 1st and 2nd thirds 

of ALL, the 1st and 3rd thirds of ALL, and the 2nd and 3rd thirds of ALL. 

Furthermore, we compared the accuracy results obtained using the additional com-

binations of ALL with different partial versions of ALL: ALL & 1st halves, ALL & 2nd 

halves, ALL & 1st thirds, ALL & 2nd thirds, ALL & 3rd thirds, ALL & 1st & 2nd thirds, 

ALL & 1st & 3rd thirds, ALL & 2nd & 3rd thirds, ALL & 1st halves & 1st thirds, ALL & 

1st halves & 1st & 2nd thirds, and ALL & 1st halves & 1st & 3rd thirds. Owing to the large 

number of experiments (20 combinations for each ML method for each dataset) and 

time constraints, we did not implement our model with divisions smaller than a third. 

It is noteworthy that the combination of ALL & 1st thirds of ALL does not mean that 

we can double the weight of each word in the first thirds of ALL and assign normal 

weights for all other words, because when we use the first thirds of ALL, we must 

obtain the top-1000 frequent word unigrams excluding the stopwords in the training 

dataset of the first thirds of ALL. These top-1000 frequent word unigrams will likely 

be different from the top-1000 frequent word unigrams derived from the training da-

taset of ALL. 

4 Experimental Results 

In subsections 4.1-4.3, we present the experimental results of our model, applied to the 

three examined benchmark datasets. Tables 3-5 display the TC accuracy results for the 

three datasets: Mini20, Web4, and R8. In addition to the annotations that were defined 

before Table 2, we use bold to note the highest result in each table. In subsection 4.4, 

we describe attempts to improve the results,  such as feature filtering and parameter 

tuning. Finally, in subsection 4.5, we provide an analysis of the experimental results. 
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4.1 Experimental Results for the Mini20 Dataset 

Table 3 presents the TC accuracy results for the Mini20 dataset. 

The primary finding from the TC accuracy results for the Mini20 dataset indicated 

that the best accuracy result (95.11%) was achieved by the SL method using the 1st third 

of ALL. This result was significantly better than the best baseline accuracy result 

(93.03%) achieved by the SL method using ALL. Two more combinations using SL 

achieved significant improvements when compared to the baseline result: ALL & 1st 

half & 1st third (95.02%) and 1st half (94.80%). Ten combinations using LibSVM (the 

second best ML method) yielded significant improvements compared to the baseline 

accuracy result (90.17%). Among them were the following: ALL & 1st half & 1st third 

(92.52%), 1st third (92.44%), 1st half (92.42%), and ALL & 1st third (92.35%). 

General conclusions on the TC accuracy results of the Mini20 dataset include (1) the 

1st half results are significantly better than the 2nd half results for all the three ML meth-

ods; the 1st third results are significantly better than either the 2nd third or the 3rd third 

results for all the three ML methods; (2) the 2nd half, the 2nd third, the 3rd third, and the 

2nd & 3rd thirds have significantly poorer results than ALL; (3) TC using ALL & (1st 

third or 1st half) yields better results than TC using ALL and other partial parts; some 

of these results are even significantly better than using ALL; (4) TC using ALL & ( 2nd 

half or 2nd third or 3rd third or 2nd & 3rd thirds) in most cases yields significantly poorer 

results than using ALL. 

Table 3. TC accuracy results for the Mini20 dataset. 

Input file(s) SMO LibSVM   SL 

ALL 80.80 90.17 93.03 

1st half of ALL 83.11 92.42 v 94.80 v 

2nd half of ALL 42.17 * 45.21 * 40.61 * 

1st third of ALL 83.77 v 92.44 v 95.11 v 

2nd third of ALL 37.47 * 39.18 * 36.77 * 

3rd third of ALL 35.53 * 37.83 * 34.20 * 

1st & 2nd thirds of ALL 83.39 91.58 v 94.38 

1st & 3rd thirds of ALL 80.58 90.42 94.36 

2nd & 3rd thirds of ALL 46.33 * 49.65 * 44.65 * 

ALL & 1st half of ALL 83.48 v 91.98 v 93.94 

ALL & 2nd half of ALL 77.23 * 84.80 * 91.29 

ALL & 1st third of ALL 83.62 v 92.35 v 94.64 

ALL & 2nd third of ALL 80.41 86.86 * 91.88 

ALL & 3rd third of ALL 76.95 * 86.02 * 91.88 

ALL & 1st & 2nd thirds  83.50 v 91.47 v 93.23 

ALL & 1st & 3rd thirds 80.76 90.79 v 94.06 

ALL & 2nd & 3rd thirds  76.21 * 83.44 * 90.95 

ALL & 1st half & 1st third 84.00 v 92.52 v 95.02 v 

ALL & 1st half & 1st & 2nd thirds 83.94 v 91.95 v 94.08 

ALL & 1st half & 1st & 3rd thirds 82.42 91.59 v 94.20 
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4.2 Experimental Results for the Web4 Dataset 

Table 4 presents the TC accuracy results for the Web4 dataset. 

The primary finding drawn from the Web4 dataset was that the best accuracy result 

(92.48%) was achieved by the ALL & 1st third combination using LibSVM. This result 

was significantly better than the best baseline accuracy result (91.22%) achieved by 

LibSVM using ALL. It is noteworthy that the best accuracy results were obtained using 

SL (92.00%) and SMO (91.20%) by the same combination, ALL  & 1st third. Further-

more, these two results are significantly better than their relevant baseline accuracy 

results (91.01% and 89.66%, respectively). 

General conclusions on the TC accuracy results of the Web4 dataset include (1) us-

ing the first part (e.g., 1st half or 1st third) of the text files with ALL leads to better 

results than using ALL & the remaining parts of the text files; (2) in general, the first 

parts (1st halves or 1st thirds) of the files lead to better results than other partial parts of 

the files, but still poorer than the results obtained by ALL; (3) similar to Table 3, the 1st 

half results are significantly better than the 2nd half results for all three ML methods; 

the 1st third results are significantly better than either the 2nd third or the 3rd third results 

for all three ML methods. 

Table 4. TC accuracy results for the Web4 dataset. 

Input file(s) SMO LibSVM   SL 

ALL 89.66 91.22 91.01 

1st half of ALL 86.06 * 87.51 * 86.99 * 

2nd half of ALL 77.57 * 78.04 * 77.99 * 

1st third of ALL 83.80 * 84.79 * 84.17 * 

2nd third of ALL 72.73 * 72.93 * 73.58 * 

3rd third of ALL 72.75 * 72.83 * 73.06 * 

1st  & 2nd thirds of ALL 87.32 * 88.77 * 88.73 * 

1st  & 3rd thirds of ALL 87.82 * 89.20 * 88.06 * 

2nd & 3rd thirds of ALL 80.82 * 82.17 * 82.23 * 

ALL & 1st half of ALL 90.55 91.98 91.71 v 

ALL & 2nd half of ALL 86.58 * 88.51 * 89.35 * 

ALL & 1st third of ALL 91.20 v 92.48 v 92.00 v 

ALL & 2nd third of ALL 86.82 * 88.94 * 89.71 

ALL & 3rd third of ALL 87.58 * 89.08 * 89.96 * 

ALL & 1st & 2nd thirds  90.08 91.69 91.39 

ALL & 1st & 3rd thirds  90.14 91.33 91.30 

ALL & 2nd & 3rd thirds  86.78 * 88.41 * 89.40 * 

ALL & 1st half&1st third 91.14 v 92.18 91.92 

ALL & 1st half &1st & 2nd thirds 90.22 91.45 91.61 

ALL & 1st half  & 1st &3rd thirds 90.83 v 92.21 91.74 v 
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4.3 Experimental Results for the R8 Dataset 

Table 5 presents the accuracy results for the R8 dataset. 

The primary finding from Table 5 for the R8 dataset is that the best accuracy result 

(96.74%) was achieved by LibSVM using the ALL & 1st third combination. This result 

was better (but not significantly better) than the best baseline accuracy result (96.47%) 

achieved by LibSVM using ALL. Furthermore, the best accuracy results achieved by 

SL and SMO (96.11% and 96.08%, respectively) were using the ALL & 1st third com-

bination. These results are better (but not significantly better) than their relevant base-

line results (95.84% and 95.74%, respectively). 

General conclusions on the TC accuracy results of the R8 dataset include (1) similar 

to Tables 3 and 4, in general, the first part (i.e., 1st half or 1st third) of the text files 

contributes to better results than the remaining parts. In other words, this means that 

the 1st half results are better than the 2nd half results, the 1st third results are better than 

the 2nd third results, and the 2nd third results are slightly better than the 3rd third results; 

(2) for the two best ML methods (LibSVM and SL) TC using ALL & 1st third (or 1st

half) yields better results than TC using ALL; (3) TC using ALL & 2nd half or 3rd third

or 2nd & 3rd thirds yields results that are significantly poorer than the results using ALL

for all three ML methods.

4.4 Feature Filtering and Parameter Tuning 

Various improvement attempts, such as feature filtering using IG (particularly selection 

of features with nonzero weights), and parameter tuning trials, were applied to the best 

result for each dataset. Table 6 presents (1) the state-of-the-art accuracy results, (2) the 

Table 5. TC accuracy results for the R8 dataset. 

Input file(s) SMO LibSVM   SL 

ALL 95.74 96.47 95.84 

1st half of ALL 93.46 * 94.10 * 93.87 * 

2nd half of ALL 89.59 * 90.02 * 89.07 * 

1st third of ALL 91.77 * 92.07 * 91.84 * 

2nd third of ALL 87.71 * 87.98 * 87.96 * 

3rd third of ALL 85.64 * 85.52 * 85.02 * 

1st & 2nd thirds of ALL 94.30 * 95.25 * 94.37 * 

1st & 3rd thirds of ALL 94.85 * 95.43 * 94.63 * 

2nd & 3rd thirds of ALL 92.07 * 92.99 * 91.99 * 

ALL & 1st half of ALL 95.98 96.57 96.05 

ALL & 2nd half of ALL 94.50 * 95.54 * 94.84 * 

ALL & 1st third of ALL 96.08 96.74 96.11 

ALL & 2nd third of ALL 95.03 * 96.07 * 95.38 

ALL & 3rd third of ALL 94.44 * 95.54 * 94.84 * 

ALL & 1st & 2nd thirds 95.89 96.56 95.88 

ALL & 1st & 3rd thirds 95.66 96.46 95.64 

ALL & 2nd & 3rd thirds 94.62 * 95.72 * 94.89 * 

ALL & 1st half & 1st third 95.97 96.54 95.84 

ALL & 1st half & 1st & 2nd thirds 95.90 96.43 95.94 

ALL & 1st half & 1st & 3rd thirds  96.05 96.68 95.84 
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best accuracy result before and after feature filtering and parameter tuning, (3) the num-

ber of features after IG filtering, (4) the best ML method that yielded the best result, (5) 

the value of the tuned parameter, and (6) the results of various additional measures 

(precision, recall, and F-measure) after filtering and tuning for each dataset. 

 The state-of-the-art accuracy results known to us prior to the study are as follows. 

An accuracy of 82.74% was obtained for Mini20 by Cardoso–Cachopo and Oliveira 

[2], who applied LibSVM using the 2500 most informative terms (words or tokens) 

according to IG. An accuracy of 85.82% was obtained for Web4 by Cardoso–Cachopo 

[3], who applied LibSVM using an unknown number of terms. An accuracy of 96.98% 

was determined for R8 by Cardoso–Cachopo [3], who applied LibSVM using unknown 

number of terms. For all three datasets, LibSVM was applied with a linear kernel with 

five-fold cross-validation. No specific information was provided about the application 

of any feature filtering and parameter tuning. 

According to Table 6, our best accuracy results after performing IG and parameter 

tuning were better than the state-of-the-art accuracy results in all three corpora, and 

significantly better in two of them (Mini20 and Web4). 

4.5 Analysis of the Experimental Results 

We have fully confirmed the validity of our first hypothesis, that claimed TC using the 

first part (i.e., 1st half or 1st third) of ALL (the original input files) yields better results 

Table 6. Our TC results compared to the state-of-the-art results. 

State Measure Dataset 

Mini20   Web4  R8 

State-of-

the-art 

results 

Accuracy & 

study 

82.74 

Cardoso-Ca-

chopo & Oliveira 

[2] 

85.82 

Cardoso- 

Cachopo [3] 

96.98 

     Cardoso- 

    Cachopo [3] 

Best ML 

method & # 

of features 

LibSVM 

2500 most in-

formative terms 

according to IG 

LibSVM using an 

unknown number 

of terms 

LibSVM 

using an unknown 

number of terms 

Our sys-

tem before 

IG and pa-

rameter 

tuning 

Accuracy 95.11 92.48 96.74 

Best ML 

method 

method & # 

of features 

SL using 1000 

top word uni-

grams of 1st third 

of ALL 

LibSVM using 

1000 top word uni-

grams of ALL & 

1st third of ALL 

LibSVM using 

1000 top word uni-

grams of ALL & 

1st third of ALL 

Our sys-

temter IG 

and 

parameter 

tuning 

accuracy 96.06 92.79     96.96  97.16 

# of features 183 975  950  5000 

Best ML 

method 

SL LibSVM LibSVM 

Tuned 

parameter 

numBoost 

IngIterations=15 

Kernel type: li-near 

& cost: 200 

  Kernel type: lin-

ear & cost: 200 

Precision 96.4 92.7 97.0  97.2 

Recall 96.1 92.8 97.0  97.2 

F-M 96.25 92.75 97.0  97.2 

26



than TC using other partial parts (e.g., 2nd half, 2nd third, and 3rd third) of ALL. The 

experimental results for all three datasets and three ML methods show that the 1st half 

results are significantly better than the 2nd half results, and that the 1st third results are 

significantly better than the 2nd third or the 3rd third results.  

TC using the first part (i.e., 1st half or 1st third) of ALL yields better results than TC 

using ALL only for the Mini20 dataset (significantly better for 5 out of 6 results for all 

3 ML methods). However, for the two other datasets, TC using the first part (i.e., 1st 

half or 1st third) of ALL yields results that are significantly poorer than the results using 

ALL for all three ML methods. That is to say, we cannot discard the whole file for the 

best TC performance; however, it is clear that the first parts of ALL contribute more to 

TC than using other partial parts of ALL. 

 We have also almost fully confirmed the validity of our second hypothesis, that TC 

using ALL & 1st third (or 1st half) of ALL yields better results than TC using ALL. The 

experimental results show that for three datasets and three ML methods, in all 9 cases, 

TC using ALL & 1st third of ALL yields better results than TC using ALL; in 5 cases 

(out of these 9 cases), the results are significantly better. Furthermore, TC using ALL 

& 1st half of ALL yields better results than TC using ALL in all 9 cases, but only 3 of 

them are significantly better. 

These findings suggest that in future TC experiments, all data should be considered 

with the possibility to assign higher weights to word unigrams that are located at the 

first halves/thirds of the original input files. 

5 Conclusions and Proposals for Future Work 

We herein presented a novel method that resembles the multiplication method, 

illustrated by the construction of a high tower, for the TC domain. The primary findings 

were as follows: (1) TC using the original input files and their first thirds improved the 

accuracy results in three benchmark text corpora for all three ML methods (with 

significant improvements in two corpora); (2) TC using the first parts (1st halves or 1st 

thirds) of the original files led to better results than TC using other partial parts of the 

files. However, TC using the first parts of the original files was poorer in most cases 

than TC using the original files. This implied that we could not discard the whole file; 

however, it was clear that the first parts contributed more to TC than the other partial 

parts; (3) the best results obtained by our model were significantly better than the state-

of-the-art results in all three corpora and significantly better in two of them (Mini20 

and Web4). It is noteworthy that the first two phenomena were not claimed to be 

relevant to all corpora worldwide. However, in our opinion, they could be relevant to 

corpora where the first part is more informative, such as the three corpora examined in 

this study. 

 Possible future research proposals include (1) exploring the size of the first section 

of the document: which would be the best for each tested dataset (including parts 

smaller than a third) for various domains and languages? (2) extracting a summary (e.g. 

[14](_and keyphrases (e.g., [15]) from each document, and then applying TC using 

these new elements, with or without different parts of the original documents, (3) ap-
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plying TC using the combinations based on the multiplication method on TF-IDF val-

ues; (4) applying deep-learning methods, and (5) conducting experiments on larger 

benchmark corpora. 
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Abstract. Predicting and responding to disastrous events properly is critical.          
We propose a new machine learning based decision support system which           
recognizes disasters from examining news articles and social media posts. Once           
the news article or the social media post is recognized as a notification of a               
disaster event, our model extracts attribute information about the disaster. Then,           
it infers possible afterward situations that can be triggered by the extracted            
information. To handle real-world situations, we didn’t just use the extracted           
facts for reasoning but also used the facts that can be inferred from a              
commonsense knowledge base. Our machine reasoning system uses fully         
differentiable neural network so that deep learning method can be deployed. 

Keywords: Disaster Management, Reasoning, Hierarchical recurrent neural network. 

1 Introduction 

Nowadays, bigger and more complicated disasters that haven’t been seen previously           
occur more often. Predicting and responding properly to such disasters became more            
important. In this work, we propose a machine learning based decision support system             
which recognizes disasters from examining news articles and social media posts.           
First, by using the big data of news articles and social media posts, disasters are               
recognized based on our supervised deep learning system. Once the occurrence of a             
disaster is recognized, we extract attribute information about the disaster from the            
news and the social media posts to figure out the location, scale, and situation of the                
disaster. The information obtained about the disaster is then used to predict the             
possible afterward situation which can be triggered by the situation at that time.             
Prediction is accomplished by a reasoning system which can carry out multi-step            
reasoning process in an end-to-end fashion. 

The Korean government maintains the manuals prepared for national disasters.          
Such manuals can be seen as the set of a priori responsive actions to various disasters                
at different levels. The knowledge in such manuals can be represented as <event,             
probability, action> 3-tuple. This type of knowledge can be converted into           
probabilistic logical knowledge and it can be used to automatically provide the            
appropriate actions under a certain circumstance of a disaster. Albeit such a            
knowledge base can be implemented under many experienced conditions, not all cases            



about various disasters can be well prepared because previously unseen disasters           
occur nowadays. Thus, in order to respond properly to unexperienced disasters, we            
need a reasoning process that can predict the possible afterward situation which can             
be triggered by the identified factors of the disaster. 

For reasoning, various approaches have been proposed, including logic program,          
rule engines, deductive classifiers, machine learning systems, and etc. In addition,           
probabilistic methods have been added to handle the reasoning under uncertainty.           
Typically, reasoning is done by matching facts against theories in a probabilistic            
deductive knowledge base. Let’s suppose that someone’s status is tired is true if             
he/she has an infant child, Then, for example, if Peter has an infant child, his status                
can be reasoned to be tired . The problem with probabilistic deductive knowledge base             
is that it might take non-linear time (thus, not possible to do the reasoning process in                
real time).  

Another problem with probabilistic deductive knowledge base is that it is not clear             
how to integrate this reasoning process into gradient-based learning systems. To           
handle these problems, we borrow a method called MAC network[6] in which            
reasoning uses a differentiable process. Its belief propagation is linearly proportional           
to the size of knowledge base with a slope of smaller than 1. To reason about                
real-world situations, we also perform reasoning based on commonsense knowledge          
in addition to the extracted information about the disaster. In the following sections,             
we will describe our model for disaster recognition, attribute information extraction,           
and reasoning. We then discuss our experiment done with government disaster           
management manuals and news articles and social media posts between 2008 and            
2017. 

2 Proposed Work 

2.1 Machine Learning based Disaster Recognition 

Since we know the time when news articles and social media posts were written as               
well as the time of disasters for the past, it is like we have labeled datasets which can                  
be used for supervised learning. In addition, since there are so many news articles and               
social media posts, it is sufficient to employ a deep learning method to model the               
news articles and social media posts so that we can determine whether they indicate              
disasters or not. 

In the research area of deep learning, Recurrent Neural Network (RNN) has been             
widely used for sequential inputs such as sentences. Among various variants of RNN,             
LSTM (Long Short Term Memory) and GRU (Gated Recurrent Unit) are the top two              
choices that alleviate the vanilla RNN’s “vanishing gradient” problem which occurs           
when the input sequence becomes long (more than 7 units long). We choose GRU for               
our work because the architecture of LSTM is more complicated and hence it is              
computationally expensive[4]. 

To process a news article or a social media post, we need to segment it into                
sentences first. Then each sentence is fed to GRU, word by word. For each word               
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representation, we use pre-trained Word2vec word embedding. The final hidden state           
of GRU can be considered as the representation of the sentence meaning. 

To encode the meaning of the article or the post as a whole, we employ a                
hierarchical GRU[7] that takes each sentence representation as input as shown in Fig.             
1. Thus, the representation of each sentence is fed to another GRU. The final hidden             
state of this GRU can then be considered as the representation of the meaning of the               
news article or the social media post. This final representation is fed to a softmax              
layer which classifies the news articles and social media posts into disaster classes,            
indicating whether this article or post belongs to a certain type of disaster or not.

Fig. 1. The architecture of our model. Adapted and modified from [7] 

2.2 Event Attribute Information Extraction based on Parsing and FrameNet 

Once an article or post is classified as a certain type of disaster, sentences in the                
article or post are then parsed to identify the attribute information of the disaster.              
Since the parse tree of each sentence now specifies the thematic roles of each              
component of the parse tree, we can extract attribute information about the disaster.             
For example, from the news articles saying “wildfire arose 10 hours ago, and 3              
hectares are lost”, we can conclude that the duration of the fire is 10 hours long, and it                  
damaged 3 hectares of forests. 

To parse a sentence, we use our neural dependency parser previously developed.            
Our parser takes a sentence as input and produces heads and their dependents with the               
relations between them. From the semantic point of view, parsing is the process that              
determines primary elements of the sentence such as agent, theme, beneficiary, and            
etc. It is common and easy to find primary elements from the parsed tree. However, to                
identify extra-thematic elements, we need a more detailed description of headwords.           
Since FrameNet[1] provides a thorough explanation about thematic roles according to           
headwords, we use the concepts (such as relations, phrase type, frame elements, and             
etc.) that can be found in the frames of FrameNet to figure out attribute information of                
disasters. 
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2.3 Reasoning 

The reasoning is the ability to manipulate previously acquired knowledge to draw a             
novel inference or answer the query. Human seems to do this kind of knowledge              
analysis and gain supreme intelligence effectively[2]. However, building a large scale           
knowledge base using such networks is not easy because the transformation of            
concepts is computationally expensive and the amount of transformation is          
tremendous.  

[5] introduced fully differentiable neural network called TensorLog. It uses a         
probabilistic deductive database and factor graph for reasoning and it can perform            
reasoning linear in database size. [6] introduced a novel neural network called MAC             
which facilitates reasoning. It also has a fully differentiable neural network so that             
deep learning can be deployed, and it approaches problems by decomposing them into             
a series of reasoning steps so that reasoning can be done effectively in an end-to-end               
fashion. In addition, it has an attention module that maintains a separation between             
control and memory. MAC seems to be better than TensorLog because attention            
module keeps the related knowledge to be focused. 

We borrow the MAC model for reasoning the situation of disasters, however, we             
augment it with a commonsense knowledge base in order to handle the real-world             
situation. Several commonsense knowledge bases such as SenticNet[3] and         
ConceptNet[9] have been developed during the last decades. Such a kind of            
knowledge representation gives a foundation to reason about real-world events. With           
this type of knowledge base, typically it can be seen as a semantic network where               
concepts are nodes and relations are edges in the graph shown in Fig. 2. Then,               
<concept, relation, concept> tuple forms a fact. For example, from Fig. 2, <oven,             
UsedFor, cook> is a fact which can be formed from the knowledge base. 

Fig. 2: A sketch of SenticNet semantic network. Adapted from [10]. 
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3 Experiments 

We use news articles and social media posts from 2008 to 2017. As shown in Table 1,                 
during that time South Korea had various damage from many natural disasters            
including flood, typhoon, earthquake, tsunami, wildfire, abnormally high temperature,         
extreme cold wave, and etc. 

Table 1.  Damage by Natural Disaster in South Korea (2008 – 2017). 

Year Casualties 
(Number of people) 

Property  Damage 
(100 million Korean Won) 

2008 11 637 
2009 13 2,988 
2010 14 4,268 
2011 78 7,942 
2012 16 10,892 
2013 4 1,721 
2014 2 1,800 
2015 0 318 
2016 7 2,883 
2017 7 1,873 

We gathered the news articles and social media posts between 2008 and 2017 and it               
turned that only less than 2% of them are about disasters. We applied our hierarchical               
recurrent neural network model to them and successfully classified them into proper            
types of disasters. 
Once the news article or the social media post is classified as a disaster, it is parsed                 

and the attribute information about the disaster is extracted. For this information            
extraction, the extra-thematic information from the corresponding frame of FrameNet          
is used to identify more detailed attribute information about the disaster. 
After attribute information about the disaster is extracted, facts are formed as            

knowledge. Our reasoning model infers possible deployment from this knowledge. In           
addition, we also use relevant commonsense knowledge to infer the real-world           
situations. Then the inferred facts are compared with the disaster management           
manuals from the government to verify whether the manuals are well prepared. It             
turned out that 6.8% of the manuals are not sufficient enough for the various factors               
of the disaster which can be inferred from the given situation. Based on this automatic               
reasoning, our system can be used to support the decisions that have to be made at the                 
disaster scene. 
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4 Conclusions 

We propose a deep learning model which can recognize disasters by examining news             
articles and social media posts. Then we propose a method to extract attribute             
information about the disaster and predict the possible future of the identified            
situation. For reasoning, we suggest an end-to-end reasoning model augmented with a            
commonsense knowledge base. 

We applied our model to news articles and social media posts for 2008 – 2017.               
Disaster situations were successfully recognized and from the identified disaster          
information, we infer possible afterward situations by reasoning based on the           
extracted facts and the commonsense knowledge base. We verified the disaster           
management manuals from the government by comparing the derived facts with the            
manuals. From this comparison, the supplement of the manuals could be           
automatically provided.. 
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Does Ambient Intelligence for Mobile User Assistance 

dissolve in Privacy Oriented Policies? 

Abstract. We are developing and testing concepts for an Ambient Intelligence 

Experiment evaluating embedded mobility analytics to support mobile users 

within a strong data privacy paradigm. The first part of the project discussed in 

the paper addresses user profiling based on stay area detection and point of inter-

est disambiguation to feed an on-the-fly recommendation system.  

Keywords: Privacy, Ambient Intelligence, Mobility, Point of Interest, Profil-

ing. 

1 Introduction 

1.1 Context 

User data analytics for improving Search and Recommendation has been intensively 

developed over the past decades with one key driver: selling products or services that 

best fit users’ needs at the time they need it. This objective has been built around one 

paradigm which is collecting, aggregating, and analyzing as much data as possible on 

every user piling up a growing number of contextual features. Internet companies which 

have popularized their search and recommendation engines are the best example of the 

success of this paradigm. They provided efficient, convenient and free tools to users in 

exchange of their private data.   

However, recent affairs related to the access of user data by third parties for com-

mercial or political reasons have generated a growing trend for privacy protection such 

as the General Data Protection Regulation (GDPR) put in place in the European Union. 

This trend implies a paradigm shift both economic and technical. Data should remain a 

user property which means they may no longer be available for centralized analysis. 

Prediction models may be compelled to be built and to run locally on users’ devices 

without the benefit of big data analytics (e.g. context sharing, similarity calculus, col-

laborative filtering). 

In this paper we discuss some challenges related to this new paradigm, and the ar-

chitecture and concepts developed in an experiment to deliver ambient recommenda-

tion services for wandering people in a privacy protective environment. 

Denys Proux and Frederic Roulland 



1.2 About Ambient Intelligence 

Traditionally search and recommendation (S&R) systems aim at being as seamless as 

possible, making use of user behavior (e.g. navigation history) and context (e.g. social 

connections) to support the decision making process. Whereas previously confined to 

web navigation the current trend is to move this monitoring to the physical world in-

cluding instant localization. A whole set of sensors now embedded on smartphones give 

access to satellite based positioning, acceleration, rotation, magnetic environment, 

wireless connectivity, temperature, pressure, light intensity, providing valuable direct 

and indirect information to perform user profiling based on mobility analytics. Our goal 

is to experiment Ambient Intelligence [1] to achieve context awareness and deliver user 

centered services through the use of pervasive and ubiquitous computing. Recent 

smartphone enhancements in terms CPU, GPU and storage capability open the door for 

such profiling and recommendation without relying that much on externalized re-

sources. 

1.3 About the user privacy protection paradigm 

Data Protection Regulations give more rights to users. They must now be informed 

about what sort of personal data is collected and should be able to access, redact and 

even delete it which raises some issues for S&R systems making use of data aggregation 

and matrix factorization for instance. 

 Popular techniques such as collaborative filtering methods [2] now add similarity 

among users to existing data models taking into account similarities upon user’s history 

and targeted objects [3]. Whatever specific method is used in this domain (memory-

based [4], model-based [5], dimensionality-reduction [6], generative-model [7], spread-

ing-activation [8] or link-analysis [9]) it intensively relies on data aggregation and 

cross-references. This as a consequence creates some cold start issues [10].   In a para-

digm where users are anonymized and history or preference data is not kept server side 

this is a major technical problem. New deep learning approaches [11] which demon-

strated huge improvements in result relevance are even more data greedy to support 

multi-layered architectures.  

 To increase privacy protection still preserving data aggregation, new techniques ex-

plore obfuscation of private data to support ranged queries [12].  But even though users’ 

data still need to be collected and compared, which ends-up in being a question of trust. 

 In our experiment we are testing concepts and methods to provided user centric, 

customized services, taking into account history, taste, constraints and context still pre-

serving privacy. Our proposal is to make use of ambient monitoring and decentralized 

S&R to achieve this objective. 

1.4 The Ambient Wanderer Experiment 

The Ambient Wanderer project (AW) aims at developing and experimenting a rec-

ommendation system for people unfamiliar with their environment (e.g. travelers in a 

new city) willing to spent some time exploring and discovering interesting places. One 
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noticeable aspect is that it is not a search engine. People do not request the system for 

a place, but rather, depending on their availability, are suggested near-by points of in-

terests (POI). It means that AW must know, depending on the context (e.g. time, place, 

availability) with limited user interaction, what suggestion best fits current tastes or 

interest. This particular aspect of the project relates to the ambient intelligence concept 

introduced earlier in this paper as it means that AW should discover through mobility 

data analytics both user’s profile and on-the-fly opportunities. Suggested activities can 

cover permanent POI (such as restaurants) and temporary events in permanent POI. 

User profile can off-course be defined manually but our assumption is that it gener-

ally does not support or adapt smoothly to contextual changes. In AW, user profiling 

makes use of trajectory analytics to discover significant places and time constraints. 

However, an additional dimension is required to explicit the meaning of these places: a 

data warehouse of point of interest (POI). The role of this database is twofold: for the 

profiling part to provide structured and standardized information about visited POI then 

for the recommendation part to provide a list of nearby POI along with contextual in-

formation. For our experiment we mapped information from 4 different Geographic 

databases (HERE, FourSquare, Grand-Lyon, IGN), and 9 different social and cultural 

events databases (PreditHQ, International Sowtime, Evenbrite, Songkick, Allevents.in, 

Meetup, Sportradar, 10times). 

 With respect to the privacy protection aspect, our proposal is to run the profiling 

part on the device (which means no centralized processing). However, some data need 

to be exchanged with the data warehouse (i.e. position and POI details) but as no rec-

ommendation or ranking as to be performed by the data warehouse, no user identifica-

tion is required. To a larger extent, for increased privacy protection intermediate net-

work routers our virtual private networks can be used without impacting query results. 

This paper discuss experiments made to test the concept of local profiling thanks to 

user mobility analytics. 

2 Mining trajectories for profile inference 

2.1 Knowledge Acquisition through Trajectory Analysis and POI Discovery 

Trajectories contain a wealth of information about users, about their favorite places, 

habits, schedules, constraints, transportation modes and to some extent their tastes. But 

inferring such meta information requires to process raw data. Trajectories are typically 

sets of way points WPi ={ φ, λ, σ, τ} where φ  is a latitude , λ a longitude, σ the altitude 

and τ a time stamp. This information may come from direct sources of data such as 

Satellite based Navigation Systems (SNS). But other sources of data are also available 

such as semi-direct (Wi-Fi, Bluetooth, Internet of Thing beacons) via radio maps or 

indirect ones (e.g. linear acceleration, rotational acceleration, magnetic field, light, 

pressure, sound environment).  

Direct sources are almost unavoidable in terms of precision but they come with 2 

major drawbacks. The first one is energy consumption. However, new SNS chips com-

bined with the use of multiple satellite constellations and more powerful batteries 
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should proportionally reduce the relative impact of such computation with respect to 

other components (such as screen display) consumption within smartphones [13]. 

 The second concern is related to a loss of precision while entering an indoor loca-

tion. A lot of researches are now focusing on using semi-direct and/or indirect sources 

to overcome this issue ([14], [15], [16]).  

Semi-direct sources are a good alternative to SNS in term of energy consumption 

but the main limitation is to get access to radio maps. Wi-Fi hot spots are interesting as 

they offer more accuracy typically for indoor localization and can, in some cases, pro-

vide additional information thanks to broadcasted network identification.   

Indirect sources of data only provide physical measures [17] with respect to a local 

referential (i.e. a smartphone). Such information is generally very noisy and un-cali-

brated but might provide some clues about move patterns typically for indoor locations 

[18]. 

As a first implementation of AW we started with SNS positioning. Sampling inter-

vals can be optimized to preserve energy consumption taking into account motion char-

acteristics for indoor and outdoor location such as those detailed in table 1. 

Table 1. Selected NSS sampling intervals 

Outdoor Speed (m/sec) Time Interval (sec) 

0 < s < 0.5 10 

0.5 < s < 2 5 

2 < s < 15 20 

s > 15 30 

Indoor - 60 

Such settings prioritize precision for walking phases. AW is not a navigation system 

per se. One salient aspect of the profiling part is to detect to which POI a user walks to. 

2.2 Stay Area versus POI: definitions 

One key concepts tested in AW is to build user profiles making use of visited POI. Our 

assumption is to consider user navigation in the real world similar to navigation on the 

world wide web. A visited POI is similar to a selected hyperlink. Therefore, we use POI 

metadata (type, price, ambience, etc) as well as time series and event sequences for 

content based modeling and recommendation. However, before going further in the 

analysis, we need to define some concepts first. 

 A stay area (SA) is a place where a user spent “some” time.  It is different from a 

stay point, where no move is recorded for a given amount of time. To illustrate this, we 

can consider a stop at a gas station where a user moves around a car, stay still when 

filling the tank then go to pay and comes back to the car. In AW it is considered as a 

Stay Area. Shapes, borders, centroids and methods to build SA are discussed in the next 

section. 
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 A point of interest (POI) at least in its basic definition as implemented by POI data-

bases is a place (a location) associated with a description (e.g. type, price, …).  POI 

share with SA similar questions about size, shape and centroid definition. Typically, is 

a particular place (such as a bench or a fountain) within a park a POI in itself or should 

it be the park as a whole. Where the centroid should be located? In databases POI are 

generally registered as a point (the centroid is typically positioned at the center of the 

POI surface). 

 One aspect of user profiling in AW is performed thanks to matching overlap between 

SA and POI. We use primarily the Harversine distance (Hd) among centroids (1) com-

plemented by vertical distance (2) if available. Haversine formulae is a less accurate 

than Vincenty’s formulae [19] but deliver enough accuracy for short distance consid-

ered in SA to POI comparison.  

𝐻𝑑 = 2 𝑅 arcsin (√sin2 (
𝜑2 −  𝜑1

2
) + cos(𝜑1) cos(𝜑2) sin2 (

λ2 −  λ1

2
)  sin2 (

𝜑2 −  𝜑1

2
)) 

Vd = | σ 1 – σ 1 |  

where φ is the latitude, λ the longitude, σ the altitude and R is earth’s radius (mean radius 

= 6,371km) 

2.3 Stay Area detection method 

Standard methods are based on Stay Point detection [20]. A distance comparison is 

made between an anchor point and its successors to check if it stays below a predefined 

distance threshold. In such case a second test is performed to measures the time span 

between the anchor point and the last successor that is within the distance threshold. If 

the time span is larger than a given threshold, a stay point is detected. This may give 

partial results so improved methods [21] apply density clustering as post processing to 

aggregate close candidates.   

 In our experiments we realized that it was insufficient to address every cases such as 

“cloaked areas”. It typically occurs when a user enters a place where localization infor-

mation is lost. For various reasons such as to reduce energy consumption the tracking 

application may stop recording. We end-up in having a gap (or a significant difference) 

in time intervals between recorded way points. Therefore, depending on selected 

thresholds there might not be enough way points to activate Stay Point creation. We 

developed an adaptation to the standard stay points detection algorithm to detect such 

disappearance and reappearance within the same vicinity. It makes use of trend analyt-

ics. The trend computes the mean time θ over m previous way points. Therefore, for 3 

consecutive way points (Wi-1, Wi, Wi+1) a “cloaked” Stay Area is created if: 

( 𝑡𝑖+1  >  α . θ) 𝐴𝑁𝐷  (𝑑𝑖+1  < 𝛽 (
𝑑𝑖  

𝑡𝑖

× 𝑡𝑖+1)  ) (3) 

(2) 

(1) 
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where ti and di are respectively the time and distance intervals between Wi-1, and Wi, 

and ti+1 and di+1 the time and distance intervals between Wi, and W i+1. The size m of the 

trend window depends on the default sampling interval used for data collection.  In our 

experiments, considering 5 way points with a 10 seconds sampling interval and a walk-

ing speed of 1.5 m/sec it allows computing a mean values over 60 meters which is 

enough to build the trend. α can be set either dynamically or statically depending on the 

targeted goals. In our experiments we create as Stay Area if the disappearance is longer 

than 10 times the mean time interval (α = 10).  As for setting the maximal radius al-

lowed from Wi, the idea is to keep the reappearance position (W i+1) close enough from 

the disappearance position (Wi) and therefore much below the distance that could have 

been made in the meantime keeping the same mean speed). In our experiment we used 

the following setting: β = 0.2. 

 Also, as a stay area is a sequence of way points, for convenience when computing 

a distance with respect to another location (such as a POI), we define the centroid as a 

temporal barycenter where each way point Wi gets as weight the value of the time in-

terval ti between Wi and Wi+1.  

Gj =
  ∑ 𝑡𝑖 𝑊𝑖

𝑛
𝑖=1   

  ∑ 𝑡𝑖
𝑛
𝑖=1

As for the shape of a SA we use the convex hull [22] which provides a closer fit to the 

covered surface. 

3 Experiments 

3.1 Dataset 

In order to test our hypothesis, we performed several data collection campaigns moni-

toring users moves around cities such as Lyon and Grenoble in France. We developed 

a data recording application deployed on Android phones to capture various direct 

(SNS), semi-direct (Wi-Fi) and indirect (acceleration, gyroscopic rotation, magnetic 

field, footsteps) sources of information. 

We collected 30 days of data that have been annotated to build a ground truth. This 

annotation focused on identifying “significant events” (SE) which have a minimal du-

ration of at least 5 minutes.  We used 10 days of data for our developments, then 20 

days for our evaluation. The size is limited to test cold start profiling starting with small 

amount of observations. The ground truth is a set of labeled events characterized as 

E={CE, TE, DE, PE} where CE is the event centroid, TE the starting time stamp of the 

event, DE  a duration and PE the event type (which may be related to  a registered POI). 

As a convention in our ground truth the centroid CE has been positioned at the entrance 

of the event area. In comparison, POI={CP, PP} reflects a registered point of interest 

within our data warehouse where CP is the centroid location as defined in the database 

(4) 
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and PP  the name of the POI. A={CA, TA, DA, PA} is a detected area where PA  PP  if 

CA   CP. 

Therefore, from this dataset two different evaluations are performed: the SA detec-

tion method and the sematic disambiguation. For the first task (Table 2) a match be-

tween A  and E  is validated if:  the Haversine distance between CA  and CE  is below 

30 meters and   ( TA - TE )    5 minutes. For the second task (Table 3) a match is 

validated if : PA    PE. 

Table 2. Evaluation of Detected Stay Areas 

Labelled events above 5 min (E) 152 

Detected Stay Area Candidates (A) 143 

Correct Stay Area (CA   CE) 121 

False positive 22 

Missed events 9 

Recall 0.796 

Precision 0.8461 

F1-mesure 0.8202 

Table 3. Evaluation of POI match 

Labelled events above 5 min (E) 152 

Labelled POI registered in our database 89 

Valid match (PA    PE) 49 

Candidates not in database 63 

Incorrect candidates 9 

Missed events 40 

3.2 Results analysis 

For the first task (table 2), the lack of way point precision within trajectories is the main 

source of false positive. Computed temporal barycenters are located too far from real 

event centroids for match validation. Then noise in trajectory data (artificial leaps in 

way point sequences) also impacts stay points (and therefore Stay area) detection. Exact 

WP positioning is really critical to increase recall and precision for SA detection. 

 Exact localization of centroids for detected SA, labelled events and registered POI 

is also a major issue for the second task as it cumulates two problems. The first one is 

a lack of overlap between centroids. If, due to a lack of a precision, CA and CP are not 

close enough then no alignment is made between A and P. Furthermore, even if a match 

is granted it may happen that CP and CE are not close enough. In such case it is not 
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possible to match PA and PE and therefore to miss some events. To overcome this prob-

lem one option could be to increase the distance threshold for matching centroids but 

this has side effects. 

 Indeed, the second issue involves the lack of completeness of POI databases. If a 

user visits a friend in his apartment, this place generally is not registered (“candidates 

not in database”) in our database, but if there is a near-by POI (e.g. a doctor or business 

office in the next apartment) then flexibility over centroid distances ends-up in allowing 

a match between the stay area and the POI. Ruling out these cases is very challenging 

and may involve comparing SA surfaces with registered POI surfaces (if available), or 

possibly to consider additional information such as broadcasted Wi-Fi identification.  

4 Discussion and Next Steps 

4.1 Conclusion 

We presented in this paper the first phase of an on-going experimental project aiming 

to test ambient intelligence to support mobile users in a context of strong data privacy 

protection. Users’ profile and preferences are computed locally, in isolation from the 

crowd. This is a paradigm shift facing several challenges such as exact user localization 

(typically when entering to indoor or covered areas) and semantic disambiguation of 

significant places taking into account a lack of completeness in existing POI databases. 

The next development phase will address indoor POI detection and the disambiguation 

of detected stay areas based on the context. Then we plan to compare these results with 

non-privacy oriented POI detection methods as those performed by central servers to 

evaluate the loss depending on selected paradigm. The last phase will be to test the 

usefulness of inferred user’s profiles for on-the-fly POI recommendation in the Ambi-

ent Wanderer experiment.  
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Machine Learning-Assisted Prediction of
Surgical Mortality of Lung Cancer Patients

Sidra Xu

The Harker School, San Jose, CA 95130, USA

Abstract. Operative mortality rates are currently not predictable; there
are no tools to help health professionals determine prognoses and assist
patients in making informed decisions. To address these issues, a machine
learning algorithm was developed to accurately predict operative mortal-
ity using lung cancer patients as an example, which provides quick and
accurate information as to whether or not a lung-cancer patient should
undergo surgery based on a mortality prediction. We implemented a
comparison of five different computational models: Naive Bayes, Sup-
port Vector Machine, Random Forest, Adaptive Boost, and Extreme
Gradient Boost (XGBoost). Of the five algorithms we tested, XGBoost,
a powerful yet relatively new algorithm that is just beginning to make
its presence in the field of medical research, produced the best results,
giving a testing-accuracy over 97%, a 10% increase over previous re-
search. A broader goal of this project is to help redefine decision-making
procedures for hospitals, healthcare professionals, and patients by pro-
viding an intelligent system capable of data analysis and optimization.
Although our current example utilizes only data on thoracic surgery for
lung cancer, this concept of machine learning-assisted decision-making
can be expanded to incorporate more types of diseases, hospitals, and
patients in the future.

Keywords: Surgical mortality · Operative mortality · Lung cancer ·
Machine learning · Algorithms · Extreme Gradient Boost.

1 Introduction

Operative mortality rates are currently not predictable; there is no data available
in a systematic format to help health professionals predict prognoses and help
patients make informed decisions. Postoperative complications are the main rea-
son for increased costs in surgery, and patients who develop complications use a
disproportionately larger share of available resources for a hospital. According to
the US National Library of Medicine, between 1992 and 2003, the average cost
of operative death on lung cancer patient was $38,088 [1]. Moreover, a study
conducted by the British Medical Journal found that doctors were only able to
predict life expectancies accurately 19.7% of the time [6]. As a result, many pa-
tients are uncertain if surgery is a viable option for them. To address this issue,
we aim to develop machine learning algorithms that accurately predict operative



mortality of patients, with lung cancer patients as an example, to use in an in-
telligent system that allows for data analysis and optimization. The application
of such systems is expected to redefine decision-making procedures for patients,
hospitals, and healthcare professionals in the near future.

2 Methods

Five different machine learning models (Naive Bayes, Support Vector Machine,
Random Forest, Adaptive Boosting, and Extreme Gradient Boost) from the
Python scikit-learn library were evaluated on the dataset and compared using
10-fold cross validation under two data pre-processing procedures, data balancing
and feature engineering.

2.1 Data

Publicly available data from the UC Irvine Machine Learning Repository was
used to train and test the machine learning algorithms. The database is part of
the National Lung Cancer Registry and contains data compiled by researchers
Marek Lubicz, Konrad Pawelczyk, Adam Rzechonek, and Jerzy Kolodziej at
Polands Wroclaw Thoracic Surgery Centre [7]. It is collected from patients that
underwent major lung resection surgery for primary lung cancer between 2007
and 2011. The data is represented as follows: each of the 470 rows represents
one patient and each of the 17 columns represents one feature. One of the 17
features is a true/false label, indicating whether the given patient lived or died
within a year after surgery. The 17 features include both class data, such as the
presence of pain or cough before surgery, as well as continuous data, such as a
patients forced vital capacity, size of the original tumor, and age.

The main challenge of this study is the highly imbalanced data: only 70
out of 470 instances, i.e. 14.9% of the data, are associated with the positive
label (death within one year). This problem is resolved with a bootstrapping
algorithm, ROS (Random Over Sampler). Other sampling techniques are also
experimented with, including SMOTE (Synthetic Minority Over-sampling Tech-
nique). Another challenge lies with the features that are available for in-depth
analysis of the data by machine learning. It was shown in previous study that
there was much difficulty in drawing correlations between the various features.
This issue is dealt with feature engineering. A number of new features are created
in this study for the purpose of better representing the underlying relationships
amongst various features of the dataset and thus improved model accuracy [8].

2.2 Data Balancing

Data balancing algorithms, ROS and SMOTE, are implemented to compare with
the base case without data balancing. ROS algorithm generates new samples in
the under-represented class by randomly sampling with replacement the current
available samples until the classes are balanced [4]. SMOTE, on the other hand,
generates new samples through interpolation of nearby samples [3].
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2.3 Feature Engineering

To derive the important features that could be used for creating new features,
a feature ranking model is conducted on the original dataset. Subsequently the
top three most relevant features, FVC, FEV, and Age (Figure 1) are used to
create nine new features in total, by performing various mathematical opera-
tions, including addition, subtraction, multiplication, division, and exponential
calculations.

3 Results and Discussions

Shown in Table 1 is a summary of prediction accuracy data obtained in this
study. Among five different predictive models examined, XGBoost has provided
the highest accuracy, with an improvement of nearly 8% than the next best
algorithm, namely adaptive boosting. Both boosting models are more robust
than Random Forest and Support Vector Machine, with close matches between
training accuracy and test accuracy. Results with Random Forest and Support
Vector Machine are also decent except over-fitting could be an issue. In contrast,
the performance of Naive Bayes is only slightly better than random guess.

The success of gradient boosting algorithms in this study contrasts with the
previous study, where Support Vector Machine was used [2]. Similarly to what
has been found in this work with Support Vector Machine, the researchers noted
that their models also struggled with over-fitting, with their testing accuracy at
87% but training accuracy at 99% [2]. This difference in performance between
the two types of algorithms suggests that gradient boosting models may be good
choices of predictive models for datasets similar to what is used in this study as
they implement gradient boosted decision trees, where new models are created
that predict the residuals or errors of prior models and subsequently added
together to produce the final prediction [5]. In comparison to other algorithms,
these models are still very new to the field of medical research.

Table 1. Training and testing accuracy of various algorithms with data balancing
(ROS) and feature engineering

Model Training Accuracy Testing Accuracy

Naive Bayes 0.5563 0.5521
Support Vector Machine 0.9969 0.8629
Random Forest 0.8723 0.8436
Adaptive Boosting 0.9000 0.8943
Extreme Gradient Boost 0.9997 0.9731

In addition to algorithm selection, data balancing and feature engineering
have also played important roles in model performance, as demonstrated in Ta-
ble 2 using the best algorithm XGBoost as an example. The testing accuracy
of XGBoost is improved by more than 10% after data balancing and then by
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another 2% after feature engineering, reaching a final testing accuracy of 97.3%.
For data balancing, ROS, in comparison with SMOTE, has produced better
results (over 5%) across all five algorithms tested.

Table 2. Testing accuracy of XGBoost under various pre-processing procedures

Pre-processing Procedure Testing Accuracy

Base Case 0.8553
Data Balancing (ROS) 0.9588
Data Balancing (ROS) and Feature Engineering 0.9731

Although an improvement of only 2% has been obtained with feature engi-
neering, this procedure has shown to be capable of identifying of both features
that are important and that are negligible. Such information is very useful for
providing better directions to data collection and analysis and thus help with
health care cost savings. Particularly for this study, the feature ranking model
before and after feature engineering, as displayed in Figures 1 and 2, reveal
that many of the newly engineered features are of significant relevance to the
prediction results.

Fig. 1. Feature importance ranking (top 12) - base case

In summary, a robust and accurate machine learning model based on XG-
Boost for prediction of surgical mortality of lung cancer patients is developed in
this study. Combining with data balancing and feature engineering, this model
is capable of providing a prediction accuracy up to 97%, an improvement of 10%
compared with previous studies [2]. In light of the lack of tools nationwide for
doctors and patients to make informed decisions about surgery, this research
is an important step to fill the gap. Although the algorithm focuses on only
one disease at the moment, it can be applied to incorporate more hospitals and
diseases in the future to benefit more people.
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Fig. 2. Feature importance ranking (top 12) - with feature engineering

On the other hand, the output of a machine-learning algorithm, such as what
we propose here, should be interpreted with extreme caution, especially when
the life a patient is on the line. The prediction result should only be used in
a supportive role in assisting doctors and patients when a surgical decision is
made. To make this research and others alike practically applicable, it is thus
proposed that further research should look into the possibility of re-framing
surgical mortality problems into multi-class or multi-label classification, or even
regression (e.g. the number of years that a patient survives after a surgery)
projects, where more specific and relevant information can be provided, instead
of just binary classification. This will be possible with more and more data is
becoming available. Additionally, depending on the algorithm used, it would be
more informative to provide doctors and patients with detailed information on
how the algorithm makes its decision (e.g. the decision tree used in XGBoost)
than to provide just a black-box output.
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Abstract. Hundreds of millions of people worldwide suffer from various mental 

disorders. Recent studies have shown that using text classification models, some 

of the disorders can be identified by intelligent analysis of the texts written by 

these people. Another related domain is the automatic classification of documents 

according to their authors’ mental state, using supervised mental medical da-

tasets. It is well known that many text classification applications perform various 

types of preprocessing, e.g., conversion of uppercase letters into lowercase let-

ters, HTML object removal, stopword removal, punctuation mark removal, lem-

matization, correction of commonly misspelled words, and reduction of repli-

cated characters. We hypothesize that the application of several specific combi-

nations of preprocessing methods can improve TC results. In this study, we ex-

plore the impact of all possible combinations of six basic preprocessing types on 

text classification of mental disorders. We tested these combinations over three 

supervised mental medical datasets. In the larger dataset, the best result showed 

a significant improvement of about 28% over the baseline result using all the six 

preprocessing methods. In the two other datasets, several combinations of 

preprocessing methods showed minimal improvement rates over the baseline 

result. Possible explanations for the small improvements in the two other datasets 

might be that they are too small to enable significant learning and that the larger 

dataset includes a much higher number of spelling mistakes, which increases the 

success of the preprocessing method that deals with correction of commonly 

misspelled words. 

Keywords: Bag of Words, Mental Medical Datasets, Supervised Machine Learn-

ing, Text Classification, Text Normalization, Text Preprocessing, Word Uni-

grams. 

1 Introduction 

According to the official website of the World Health Organization1, there are many 

types of mental disorders. A mental disorder (also called a mental illness), is a behav-

1 https://www.who.int/en/news-room/fact-sheets/detail/mental-disorders. Last access date: 18-

MAR-19. 
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ioral or mental pattern that causes significant distress or impairment of personal func-

tioning (Bolton [6]). Estimates for common mental disorders for all the world’s resi-

dents are as follows: depression - about 300 million, bipolar affective disorder - about 

60 million people, dementia - about 50 million people, and schizophrenia - about 23 

million people. In high-income countries, between 35% and 50%, and in low- and mid-

dle-income countries, between 76% and 85%, of people with mental disorders do not 

receive any treatment for their disorder. Many of these people are not even officially 

identified. 

A mental disorder should be diagnosed by a mental health professional. However, 

initial identification (or at least suspicion of mental disorder) of many mental disorders 

can be provided by an intelligent supervised machine learning (ML) system based on a 

person’s social texts such as tweets and blog posts. Such a system would be able to 

detect suspicion of various mental disorders among people participating in social net-

works. These data can be presented to professional experts, to whom the suspects can 

be referred. 

Bloom et al. [5] claimed that treating mental disorders  generates the single largest 

health cost, with global costs increasing to $6 trillion annually by 2030. It is known that 

mental health increases the risk of chronic, non-communicable disorders. Thus, the im-

portance of mental health has driven the attention for new and innovative methods for 

obtaining reliable information and evidence about mental disorders. 

The research domain of text classification (TC) can make a significant contribution 

to achieving the goal of automatic identification and classification of documents ac-

cording to the mental state of their authors. TC is a supervised learning task that assigns 

natural language text documents to one (the typical case) or more predefined categories 

(Joachims [26]). Classification algorithms typically use a supervised machine learning 

(ML) algorithm or a combination of several ML algorithms (Sebastiani [41]).

TC is an important component in many research domains including text indexing,

information extraction, information retrieval, text mining, and word sense disambigua-

tion (Knight [30]). There are two main types of TC: topic-based classification and sty-

listic classification. An example of a topic-based classification application is classifying 

news articles as Business-Finance, Lifestyle-Leisure, Science-Technology, and Sports 

(Liparas et al. [33]). An example of a stylistic classification application is the 

classification of literary genres, e.g., action, comedy, crime, fantasy, historical, politi-

cal, saga, and science fiction (Kessler et al. [28]). Whereas stylistic classification is 

typically performed using linguistic features such as quantitative features, orthographic 

features, part of speech (POS) tags, function words, and vocabulary richness features 

([18, 19, 21]), topic-based classification is typically performed using word unigrams 

and/or word n-grams (for n > 2) ([22, 23]). 

The traditional model for topic-based TC is based on the bag-of-words (BOW) rep-

resentation, which associates a text with a vector indicating the number of occurrences 

of each chosen word in the training corpus (Sebastiani [41]). In topic-based classifica-

tion, various ML methods (e.g., Maximum Entropy (ME, Jaynes [25]), support vector 

machines (SVMs, Cortes and Vapnik [9]), Naive Bayes (NB, Heckerman [17]), and 

C4.5 decision tree [36, 37]) have been reported to use the BOW representation to 

achieve accuracies of 90% and greater (e.g., Joachims [26]). 
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This study addresses topic-based classification based on the BOW representation. 

We hypothesize that the application of a selection of preprocessing types can improve 

the accuracy results of different TC tasks in general. In particular, we investigate the 

impact of all possible combinations of six basic preprocessing types on TC of mental 

disorders. We validate the proposed model on three mental medical datasets to deter-

mine what preprocessing combination(s) is (are) best suited to classification tasks. 

The key contributions of this study are (1) systematic application of all possible 

combinations of six basic preprocessing types on three mental medical datasets using 

five ML methods and training and test sets; and (2) presenting the findings that demon-

strate what preprocessing combinations for what datasets improve the classification re-

sults when using a BOW representation. 

The article structure is as follows: Section 2 introduces the issue of identification of 

mental disorders. Section 3 provides a general background regarding preprocessing for 

TC. Section 4 introduces the three mental medical examined datasets and several pre-

vious classification studies performed on these datasets. Section 5 presents the model 

and preliminary classification results. Section 6 presents the experimental results and 

analysis. Finally, Section 7 summarizes, concludes, and suggests ideas for future re-

search. 

2 Identification of Mental Disorders 

During the last five years, research on mental health has turned to web data sources, 

with a focus on social media, e.g., Twitter, Facebook and blog entries (Coppersmith et 

al. [9]; Milne et al. [35]). Previous mental health work has largely focused on several 

specific mental disorders such as depression (De Choudhury et al. [12]), post-traumatic 

stress disorder (PTSD) (Coppersmith et al. [8]), and suicide (Jashinsky et al. [24]). Ac-

cording to Coppersmith et al. [10], at least 10 mental conditions can be detected in so-

cial media by using NLP methods. These mental conditions are (1) Attention Deficit 

Hyperactivity Disorder (ADHD), (2) Generalized Anxiety Disorder (Anx), (3) Bipolar 

Disorder, (4) Borderline Personality Disorder (Border), (5) Depression (Dep), (6) Eat-

ing Disorders (Eating; includes anorexia, bulimia, and eating disorders not otherwise 

specified [EDNOS]), (7) obsessive-compulsive disorder (OCD), (8) post-traumatic 

stress disorder (PTSD), (9) schizophrenia (Schizo; to include schizophrenia, schizoty-

pal, schizophreniform), and (10) seasonal affective disorder (Seasonal). 

In this study, we plan to work on three existing supervised datasets containing texts 

written by different people with mental disorders of various types. The planned study 

will deal with automatic TC, with an emphasis on the use of preprocessing methods to 

test their impact on TC quality. The metric that we use is the accuracy measure. 

3 Preprocessing for Text Classification 

Preprocessing is common to many information retrieval and text mining tasks in gen-

eral, and TC tasks in particular. There is a wide variety of text preprocessing types. 

Examples of basic types are conversion of uppercase letters into lowercase letters, 
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HTML object removal, stopword removal, punctuation mark removal, reduction of dif-

ferent sets of emoticon labels to a reduced set of wildcard characters, replacement of 

HTTP links to wildcard characters, word stemming, correction of common misspelled 

words, and reduction of replicated characters. Examples of more complex prepro-

cessing types are word lemmatization, translation of common slang words into phrases 

that express the same ideas without using slang, and expansion of abbreviations.  

A small number of simple preprocessing types (e.g., conversion of all the uppercase 

letters into lowercase letters and stopword removal) are performed by many TC sys-

tems. Nevertheless, not all of the preprocessing types are always performed. Further-

more, not all of the preprocessing types are considered effective by all TC researchers. 

For instance, Forman [13], in his study on feature selection metrics for TC, claimed that 

stopwords are ambiguous and occur sufficiently frequently as to not be discriminating 

for any particular class. However, HaCohen-Kerner et al. [22] demonstrated that the 

use of word unigrams including stopwords in the domain of Jewish law documents 

written in Hebrew-Aramaic lead to improved classification results compared to the re-

sults obtained using word unigrams excluding stopwords. 

A limited number of studies have analyzed the influence of preprocessing types on 

TC. A brief summary of some of these studies follows. Song et al. [42] examined 32 

combinations of five preprocessing types: stopword removal, word stemming, indexing 

with term frequency (TF), weighting with inverse document frequency (IDF), and nor-

malization of each document feature vector to unit length. These combinations were 

applied to two benchmark datasets: Reuters-21578 and 20 Newsgroups using a linear 

SVM and different lengths of a BOW representation. Their experimental results demon-

strated that normalization to unit length can always significantly improve the effective-

ness of text classifiers. Conversely, the impact of the other factors, e.g., stopword re-

moval, word stemming, indexing, and weighting are rather minimal.  

Lemmatization, stemming, and stopword removal were examined by Toman et al. 

[45] using the multinomial NB classifier on two datasets: 8000 documents in English

selected from Reuters Corpus Volume 1 divided into six categories, and 8000 Czech

documents provided by Czech News Agency divided into five categories. They con-

cluded that the best preprocessing method for TC is to apply only stopword removal.

Their experiments indicated that stopword removal improved the classification accu-

racy in most of the cases, although the results were not statistically significant. Further,

lemmatization and stemming were more negative than positive for both languages.

Srividhya and Anitha [43] evaluated four preprocessing types: stopword removal, 

stemming, TF-IDF weighting (Salton [40]), and document frequency on the Reuters 

21578 dataset. Their main conclusions were as follows: (1) stopword removal can ex-

pand words and enhance the discrimination degree between documents and improve 

the classification performance, and (2) TF-IDF is required to create the index file from 

the resulting terms. 

Ayedh et al. [2] investigated the effect of three preprocessing types (stopword re-

moval, word stemming, and normalization of certain Arabic letters that have different 

forms in the same word to one form) on TC for an in-house corpus containing 32,620 

news documents divided into ten categories, downloaded from different Arabic news 

websites. Three ML methods were applied: NB, kNN, and SVM. Experimental analysis 
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revealed that preprocessing has a significant impact on the classification accuracy, es-

pecially with the complicated morphological structure of the Arabic language. Choos-

ing appropriate combinations of preprocessing tasks provides a significant improve-

ment in the accuracy of TC depending on the feature size and the ML methods. The 

best result (a 96.74% micro-F1 value) was achieved by the SVM method using the 

combination of normalization and stemming. 

To summarize the studies that have been presented above, there are no uniformity in 

the examined datasets, languages, preprocessing types, ML methods, results, or con-

clusions. Most of the studies use a relatively small number of the following compo-

nents: datasets, ML methods, preprocessing methods, and combinations of them. More-

over, portions of the conclusions of these studies seemingly contradict each other (e.g., 

stopword removal improves (Song et al. [42]; Gonçalves et al. [15]) or does not improve 

classification accuracy (HaCohen-Kerner et al. [22]; Toman et al. [45]). However, the 

conclusions are not contradictory, because they were derived from experiments on dif-

ferent datasets, different languages, different stopword lists, and different sizes of BOW 

representation. 

Thus, we decided in this research (in contrast to many of the previous studies) to 

explore the influence of all possible combinations of six basic preprocessing types 

(more than the number of preprocessing types that were tested in each of the studies 

mentioned above) on TC for three mental medical datasets, to determine what prepro-

cessing combination(s) is (are) best suited to TC, if any. Our experiments were applied 

using training and test sets. 

4 The Examined Mental Medical Datasets and Several Previous 

Classification Studies Performed on These Datasets 

The three examined mental medical datasets are presented below. Table 1 presents the 

general statistics of each dataset. 

Table 1. Statistics about the three datasets. 

Dataset CLPsych 2015 CLPsych 2016 CLPsych 2017 

# of words  in the dataset 30,655,951 140, 678 234,490 

# of char. In the dataset 208,178,868 1,772,235 3,016,516 

avg. # of words per doc. 26,773.75 148.55 147.66 

avg. # of char. per doc. 181,815.60 1,871.42 1,899.56 

median # of words per doc. 29,926 111 113 

median # of char. per doc. 198,217 1628 1,690 

std. # of words per doc. 14,954.15 114.97 107.41 

std. # of char. per doc. 103,424.93 803.14 743.01 
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CLPsych 20152 

The 2015 dataset was constructed as part of the 2015 CLPsych shared task (Copper-

smith et al. [9]). The dataset consists of public tweets collected using the Twitter API, 

and is divided into training and testing categories. The training portion consists of 327 

users with depression, and 246 users with posttraumatic stress disorder (PSTD). For 

each user, an age-and gender-matched control user is included, resulting in a total of 

1,146 users. The test data contained 150 users with depression, 150 users with PTSD, 

and an age- and gender-matched control for each, making a total of 600 users. For each 

user, their most recent public tweets – up to 3,000 tweets – were included in the dataset. 

Due to resource and time limitations, we used only the 500 most recent tweets. The 

exact procedure and the specific details of how the data were collected and labeled are 

described in Coppersmith et al. [8]. 

Coppersmith et al. [9] summarized the results of the 47 systems that took part in 

three binary classification experiments on the 2015 dataset: (1) depression versus con-

trol, (2) PTSD versus control, and (3) depression versus PTSD. The results were pre-

sented in precision and ROC curve values. The most successful systems use topic mod-

eling approaches, which provide strong signals relevant to mental health, and some in-

terpretable groupings of words without significant manual intervention. Simple linguis-

tic features, without the use of advanced machine learning methods, also provide rea-

sonable classification results for these tasks. No information was provided about the 

application of any preprocessing method. 

CLPsych 20163 

The 2016 CLPsych Shared Task dataset is centered on the automatic triage of posts 

from a mental health forum, ReachOut.com, which is an online youth mental health 

service that provides information, tools, and support to young people aged 14-25. This 

forum enables people to communicate with each other about issues anonymously, as 

well as a trained team of moderators who offer support and guidance to users. This 

dataset contains 65,025 ReachOut.com forum posts, of which 1,277 posts are annotated 

with four triage labels (crisis, red, amber, and green, which serve as control cases). The 

database is split into 977 training posts and 250 testing posts, while the remaining 

63,797 posts are unlabeled. 

Milne et al. [32] summarized the results of 60 submissions from 15 different teams, 

which classified triage posts into one of the four labels: green, amber, red or crisis of 

the 2016 dataset. The official metric for the shared task was macro-averaged F-score. 

However, the authors note that ordering results by accuracy produces a fairly similar 

ordering. The top systems achieved similar performance via very different approaches 

with a (crisis, red and amber) macro-averaged F-score of 0.42 and accuracy value of 

0.85 for the three following labels: crisis, red, and amber. Kim et al. [29] applied a SGD 

classifier with a small feature space including only TF-IDF weighted unigrams, and 

post embeddings. They applied the following preprocessing methods: HTML object 

2 http://www.cs.jhu.edu/~mdredze/datasets/clpsych_shared_task_2015/ Last access date: 19-

MAR-19. 
3 http://www.aclweb.org/anthology/W16-0312 Last access date: 19-MAR-19. 
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removal, non-ASCII characters removal, converting uppercase letters into lowercase 

letters, and stopword removal. Brew [7] applied a baseline RBF-kernel SVM using TF-

IDF weighted unigrams and bigrams, author type, post kudos, and whether a post is the 

first in its thread. No information was provided about the application of any prepro-

cessing method. 

CLPsych 20174 

The CLPsych 2017 dataset contains data from the same source as the CLPsych 2016 

dataset. The 2017 version contains 65,756 forum posts (compared with 65,025 forum 

posts from 2016), of which 1,188 posts are annotated with triage labels (crisis, red, 

amber or green) – compared to the 1,277 annotated posts in 2016. The data collection 

and the annotation process were similar to that of the CLPsych 2016 dataset. Although 

there is a large overlap in data between the data sets CLPsych 2016 and 2017, we de-

cided to also experiment on the CLPsych 2017 dataset in order to have more experi-

ments.  

Altszyler et al. [1] obtained the first place for several of the subtasks of the CLPsych 

2017 Shared Task. They applied various versions of SVMs with linear kernels and Ra-

dial Basis Function (RBF) kernels using 2,799 features belong to seven feature sets, 

four of them were content based features: (Word2vec, word unigrams and bigrams, 

Metadata, and Body), and the remaining are context-based ones (Interaction features, 

Adjacent features, and Author features). They applied HTML object removal, and con-

version of uppercase letters into lowercase letters in addition to word tokenization and 

conversion of ReachOut links, other webpage links, author mentions, and forum’s 

emoticons to tokens such as #reachout link, #ref link, and #reference.  

5 The Model and Preliminary Results 

Our approach is to compare the accuracy results obtained using the original files with-

out any preprocessing, to the results achieved using all possible combinations of the 

following six basic preprocessing types: C – spelling correction, H – HTML object 

removal, L – converting uppercase letters into lowercase letters, P – punctuation mark 

removal, R – reduction of repeated characters, and S – stopword removal. We consider 

all 63 (26 – 1) non-empty combinations of these six basic preprocessing types. The 

spelling correction is performed using an autocorrect library, written by McCallum 

[34]5. The application of the S preprocessing type deletes all instances of 423 stopwords

for English text (421 stopwords from Fox [14] plus the letters ‘x’ and ’z’ that are not

found in Fox [14], yet are included in many other stopword lists).

In the model, we applied five supervised ML methods: (1) Bayes networks (BN) 

(Pourret et al. [38]), (2) simple logistics (SL) (Landwehr et al. [31], Sumner et al. [44]), 

(3) sequential minimal optimization (SMO) (Platt [39], Keerthi et al. [27]), (4) J48

4 http://clpsych.org/shared-task-2017/ Last access date: 19-MAR-19. 
5 https://github.com/phatpiglet/autocorrect/ Last access date: 19-MAR-19. 
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(Quinlan [36, 37]), and (5) Random Forest (RF) (Breiman [3,4]) using the WEKA plat-

form with their default parameters (Witten and Frank [46], Hall et al. [16]). For each 

TC task, we used the experimental mode in WEKA Version 3.9.1 with the following 

settings: train (67%) / test (33%) (data randomized) and the number of repetitions of 

the experiment set to 10. As mentioned before, we use the accuracy measure as our 

metric. 

A brief description of these five ML methods is as follows: BN is a variant of a 

probabilistic statistical classification model that represents a set of random variables 

and their conditional dependencies via a directed acyclic graph (Pourret et al. [38]). SL 

is a WEKA implementation of a multinomial logistic regression (LR) model with a 

ridge estimator. SMO (Platt [39], Keerthi et al. [27]) is a variant of the SVM ML method 

(Cortes and Vapnik [11]). The SMO method is an iterative method created to solve the 

optimization problem frequently found in SVM methods. J48 is a JAVA implementa-

tion of Quinlan’s C4.5 (version 8) algorithm (Quinlan [36, 37]). J48 uses greedy tech-

niques, determines the most predictive attribute at each step, and splits a node based on 

this attribute. RF is an ensemble learning method for classification and regression (Liaw 

and Wiener [32]). Ensemble methods use multiple learning algorithms to obtain better 

predictive performance than that which can be obtained from any of the constituent 

learning algorithms. RF operates by constructing a multitude of decision trees at train-

ing time, and outputting classification for the case at hand by averaging the results of 

all the decision trees. 

The general TC algorithm is as follows: 

For each dataset, perform the following steps: 

1. Compute the frequencies of all word unigrams included in the training dataset

2. Sort these words in descending order according to their frequencies.

3. The top 5,000 frequent word unigrams are selected.

4. Apply five supervised ML methods (BN, SL, SMO, J48, and RF) to classify, using

from 1,000 to 5,000 word-unigrams (in steps of 1,000).

5. Determine 1,000 as the number of word unigrams for the BOW representation (see

explanations after this algorithm).

6. The accuracy results of each of these five supervised ML methods, using 1,000

word-unigrams, are defined as the baseline results.

7. For each combination of the six preprocessing methods (there are 63 possible com-

binations), perform:

7.1. Apply the chosen preprocessing combination on the training dataset. 

7.2. Compute the frequencies of all word unigrams. 

7.3. Sort these words in descending order according to their frequencies. 

7.4. Select the top 1,000 frequent word unigrams. 

7.5. Apply each ML method on the selected 1,000 word-unigrams. 

To determine the number of word unigrams for the BOW representation, we per-

formed TC experiments for each pair of dataset and ML method, using five different 

sets, containing 1000-, 2000-, 3000-, 4000-, and 5000-word unigrams. Tables 2-4 pre-

sent the TC accuracy results using 1000-, 2000-, 3000-, 4000-, and 5000-word unigrams 

for the three examined benchmark datasets and five applied supervised ML methods. 
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The best accuracy result in each table is highlighted in bold. The annotation “v” or “*” 

indicates that a specific result in a certain column is statistically better (v) or worse (*) 

than the results using 1000 word unigrams (i.e., the first row in each dataset). To com-

pare the different results, we performed statistical tests using a corrected paired two-

sided t-test with a confidence level of 95%.  

In Tables 3 and 4, the best accuracy result was obtained using 1,000 word uni-grams. 

Only in Table2, the best result was obtained using more than 1,000 word unigrams. 

However, the difference between the best result (62.39%) and the 2nd best result 

(62.13%) is minimal and insignificant. Due to runtime considerations, we decided to 

use 1,000 word unigrams as our baseline feature set in the next experiments. 

Table 2. TC accuracy results for various feature set sizes & 5 ML methods on CLPsych 2015. 

# of word 

unigrams 

ML methods 

BN SL SMO J48 RF 

1000 52.61 62.13 57.55 49.3 58.9 

2000 53.13 59.59 58.32 48.48 58.69 

3000 53.37 61.68 58.29 47.95 56.97 

4000 54.27 62.39 60.67 49.17 58.27 

5000 54.46 60.94 61.33 49.62 57.21 

Table 4. TC accuracy results for various feature set sizes & 5 ML methods on CLPsych 2017. 

# of word 

unigrams 

ML methods 

BN SL SMO J48 RF 

1000   57.33 66.6 66.89 60.9 66.24 

2000 57.4 65.23 64.37 61.09 65.17 

3000 57.4 65.4 64.22* 61.07 64.22* 

4000 57.4 65.55 64.22* 61.07 63.49* 

5000 57.4 65.11 65.04 61.07 63.09* 

Table 3. TC accuracy results for various feature set sizes & 5 ML methods on CLPsych 2016. 

# of word 

unigrams 

ML methods 

BN SL SMO J48 RF 

1000 61.04 65.81 65.66 61.34 67.06 

2000 61.09 64.56 63.82 61.22 65.58 

3000 61.09 64.69 65.09 61.24 64.97 

4000 61.09 66.06 66.06 61.24 64.12 

5000 61.09 65.55 66.7 61.24* 63.36* 
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6 Experimental Results 

It is imoptnat to note that we are not competing with the teams that won the 

competitions on the above mentioned databases. We use only 1,000 word n-grams, and 

our goal is to check which combinations of preprocessing methods can improve TC 

results. 

Table 5 presents the comparisons between the baseline accuracy results, obtained 

using the normalized frequencies of the top 1,000 occurring word unigrams, to the ac-

curacy results achieved using every single preprocessing type. The best accuracy result 

in each column (i.e., ML method) is highlighted in bold, and the best accuracy result 

for each dataset is highlighted in bold and underscore.  

The main findings shown in Table 5 are as follows. Regarding the CLPsych 2015 

dataset, only the C preprocessing method significantly improved the baseline results 

for all ML methods, while the other preprocessing methods also improved the results 

but not significantly. This finding is probably due to the fact that tweets, in general, 

contain many spelling mistakes and in particular, this is true for the CLPsych 2015 

dataset, which is much larger than the other datasets. The best result (85.53%) was 

achieved by BN, presenting a substantial improvement of 23.4% over the best baseline 

result (62.13%) among the five baseline results (one baseline for each ML method).  

Table 5. TC accuracy results using each single preprocessing type for the three datasets. 

Dataset Preprocessing 

type 

BN SL SMO J48 RF 

CLPsych 

2015 

None 52.61 62.13 57.55 49.3 58.9 

C 85.53v 83.79v 81.54v 78.23v 84.63v 

H 52.61 62.13 57.55 49.3 58.9 

L 51.55 62.26 58.45 46.81 57.97 

P 52.76 62.52 57.53 50.2 57.08 

R 52.47 62.68 58.11 48.16 58.72 

S 52.1 65.22 58.82 51.6 59.11 

CLPsych 

2016 

None 61.04 65.81 65.66 61.34 67.06 

C 60.66 65.83 65.5 61.27 67.03 

H 60.5 61.47* 59.18* 59.66 61.30* 

L 61.93 66.01 65.53 62.34 67.47 

P 62.57 64.97 63.79 60.96 66.57 

R 61.29 65.68 65.45 61.29 67.11 

S 41.05* 62.65 64.74 62.32 67.59 

CLPsych 

2017 

None 57.33 66.6 66.89 60.9 66.24 

C 56.98 66.47 67.21 60.63 65.63 

H 59.41 60.11* 57.04* 58.76 59.83* 

L 57.42 65.88 67.27 60.84 66.03 

P 63.11v 65.36 66.54 61.28 65.17 

R 57.08 66.34 67.12 61.05 66.05 

S 42.63* 62.63* 63.64 62.84 65.94 
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Regarding the CLPsych 2016 and 2017 datasets, no preprocessing method 

significantly improved the baseline results. The best result for the CLPsych 2016 

dataset (67.59%) was achieved by RF using the S preprocessing method, presenting a 

minimal improvement of 0.53% over the best baseline result (67.06%). The best result 

for the CLPsych 2017 dataset (67.27%) was achieved by SMO using the L 

preprocessing method, presenting a minimal improvement of 0.38% over the best 

baseline result (66.89%). 

Interestingly, for all three datasets, some of the combinations of the preprocessing 

methods not only did not improve the baseline results, but some of them even reduced 

accuracy results. 

As mentioned in Section 4, for each pair of dataset and ML methods, we consider 

all 63 non-empty possible combinations of the six preprocessing types. Due to space 

limitations, we cannot present the results of all combinations for all pairs of one dataset 

and one ML method. In Table 6, we present the three best results for each dataset. The 

C and L preprocessing methods are included in the best combination for each dataset; 

therefore, we also present the result of the CL combination for the 2015 dataset, even 

though the CL combination was not among the three best combinations for this dataset. 

For each dataset, the best accuracy result and the combination that achieved this result 

are highlighted in bold. 

The main findings of CLPsych 2015 are as follows. The best result (90.32%) was 

achieved by RF using all the six preprocessing methods (CHLPRS), presenting a 

significant improvement of 28.19% over the best baseline result (62.13%). This result 

is another significant improvement beyond the result (85.53%) that was achieved by 

BN using the C preprocessing method. 

The main findings of CLPsych 2016 are as follows. The best result (67.95%) was 

achieved by RF using CLS, presenting a minimal improvement of 0.89% over the best 

baseline result (67.06%). Unlike the findings for CLPsych 2015, no combination of 

preprocessing methods significantly improved the baseline result. It is interesting to 

note that the best system on the 2016 CLPsych Shared Task dataset, Kim et al. (2016) 

Table 6. TC accuracy results for the three datasets. 

Dataset Rank Preprocess-

ing 

combination 

Best 

results 

(BR) 

Method 

yielding 

best result 

Best base-

line result 

(BBR) 

Improve. 

rate = 

BR - BBR 

CLPsych 

2015 

1st best CHLPRS 90.32v RF 

62.13 

28.19 

2nd best CHLPRS 89.84v SL 27.71 

3rd best CHLPRS 89.61v SMO 27.48 

CL 85.24v BN 23.09 

CLPsych 

2016 

1st best CLS 67.95 RF 

67.06 

0.89 

2nd best CL, LS 67.77 RF 0.71 

3rd best S 67.59 RF 0.53 

CLPsych 

2017 

1st best CL 67.63 SMO 

66.89 

0.74 

2nd best LR 67.33 SMO 0.44 

3rd best L 67.27 SMO 0.38 
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also applied the LS preprocessing methods in addition to HTML object removal and 

non-ASCII characters removal. 

The main findings of CLPsych 2017 are similar to those achieved for CLPsych 2016. 

This phenomenon is not surprising, because the 2017 dataset is very similar to the 2016 

dataset. The best result (67.63%) was achieved by SMO using CL, presenting a minimal 

improvement of 0.74% over the best baseline result (66.89%). Altszyler et al. [1] that 

obtained the first place for several of the subtasks of the CLPsych 2017 Shared Task 

also applied the L preprocessing method in addition to HTML object removal as well 

as other preprocessing methods. 

For the the 2017 dataset as well, unlike the findings for CLPsych 2015, no 

combination of preprocessing methods significantly improved the baseline result. This 

phenomenon is not surprising, because the two datasets contain data from the same 

source, and most of the forum posts in the two datasets are identical. 

What is common to all the datasets in terms of the best result, is that the best com-

bination of preprocessing methods include the C and L preprocessing methods. That is 

to say, the combination of spelling correction (C) and lowercase conversion (L) 

preprocessing methods enable better classification for all examined datasets. For all the 

datasets, some of the preprocessing methods (and combinations of them) not only did 

not improve the baseline results, but even worsened them. That is to say, not every 

preprocessing method contributes to better classification. Some of them even 

negatively affect the quality of the classification. Possible explanations of the difference 

between the significant improvement in the 2015 dataset and the minimal and 

insignificant improvements in the 2016-7 datasets might be: the larger size of the 2015 

dataset that enabled better learning, and probably a much higher incidence of spelling 

mistakes the 2015 dataset that enabled very significant classification improvement due 

to the C preprocessing method. 

7 Conclusions and Future Work 

In this study, we investigated the influence of all possible combinations of six basic 

preprocessing types (correction of commonly misspelled words, conversion of upper-

case letters into lowercase letters, HTML object removal, punctuation mark removal, 

stopword removal, and reduction of replicated characters). We validated the proposed 

model on three mental medical datasets using training and test sets to determine what 

preprocessing combination(s) is (are) the best suited to classification tasks, if any. 

We tested the combinations over three mental medical datasets. In the larger dataset, 

the best result showed a significant improvement over the baseline result using all the 

six preprocessing methods. In the two other datasets, several combinations of prepro-

cessing methods showed a few minimal improvements over the baseline results. Possi-

ble explanations for these phenomena are (1) the two other datasets are too small to 

enable significant learning and (2) the CLPsych 2015 dataset consists only of tweets, 

the limited length of each tweet forces the poster to be very concise. This might make 

the identification of mental disorders easier. By contrast, the CLPsych 2016 & 2017 

datasets contain forum posts that are typically much longer than tweets. As a result, the 
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actual information might be more spread out over a larger forum post, making it harder 

to classify. 

The general conclusions for the datasets verified are as follows. (1) There is no uni-

form answer to the question of whether TC of mental disorders can be improved using 

a certain combination of preprocessing types. The answer depends on a variety of cri-

teria such as the selected domain, dataset, ML method, and size of the BOW represen-

tation, and the tested combination of preprocessing methods. (2) It is recommended to 

try at least each preprocessing method alone, and then combinations of successful pre-

processing methods, in order to find an improvement (hopefully a significant one). (3) 

It should be known that there are preprocessing combinations that can impair the quality 

of the classification and should not be used. (4) The best combination of preprocessing 

methods for all three datasets include the C and L preprocessing methods and include 

S for two datasets. The L preprocessing method was also applied by systems which 

won the shared tasks, as well as other methods such as the S and H. 

Future research proposals include (1) implementing TC experiments using various 

combinations of the number of selected word n-grams and various combinations of 

preprocessing methods; (2) implementing TC experiments using additional feature 

types, e.g., word/character n-grams, skip word/character n-grams while working with 

TF-IDF values; (3) implementing TC experiments for combinations that include more 

complex types of preprocessing such as lemmatization of words and expansion of com-

mon abbreviations (e.g. [20]); (4) applying other ML methods such as deep learning 

methods; and (5) conducting experiments on additional mental medical datasets written 

in English, as well as datasets written in other languages. 
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Abstract. In recent years, the importance of One-Class Classification (OCC) is 

growing up in machine learning research. Contrary to classical Multi-Class 

Classification (MCC) approach, OCC assumes that there exists only one class 

in dataset, which enables to deal with problematic dataset such as imbalanced 

dataset. One-Class Hyper-Rectangle Descriptor (1 − 𝐻𝑅𝐷) is a state-of-the-art 

OCC classifier that remedies trade-off between classification accuracy and in-

terpretability of classification results. However, 1 − 𝐻𝑅𝐷 generation methods 

proposed as far lack of consideration for density and distribution of dataset. In 

addition, they require additional procedure for tuning essential parameters 

which drastically influence on performance of classifier. Based on these moti-

vations, we suggest a novel method for generation of 1 − 𝐻𝑅𝐷 that can reflect 

density and distribution of training data, called 1 − 𝐻𝑅𝐷𝑑. Furthermore, we de-

sign a genetic algorithm for systematical generation of 1 − 𝐻𝑅𝐷𝑑 by allowing

to tune parameters such as the number of distributions assumed for dataset. Our 

work is validated by a numerical experiment using UCI machine learning da-

taset and well-known baseline methods such as Support Vector Data Descrip-

tion (SVDD) are considered as control group. As a result, we can prove superi-

ority of 1 − 𝐻𝑅𝐷𝑑 resulted from the proposed genetic algorithm to other OCC

algorithms. 

Keywords: One-Class Classification, One-Class Hyper-Rectangle De-

scriptor, Genetic Algorithm. 

1 Introduction 

Classification is to distinguish data in one class from those in other classes, and it is a 

representative data analysis method in machine learning. Traditional classification 

problem assumes that dataset consists of multiple classes, called Multi-Class Classifi-

cation (MCC). In contrast, One-Class Classification (OCC) is a special case such that 

there exists only one class, called target class. In other words, OCC divides data into 

target class and outlier that is not belonging to target class. OCC can be considered as 

outlier detection or anomaly detection due to this property. Since the numbers of clas-

ses in dataset of MCC and OCC are different, they have different ways to generate 

classifiers used for discriminating target class and outlier. Specifically, in case of 

OCC, classifiers are obtained by learning patterns of target class thoroughly, whereas 



classifiers of MCC are obtained by identifying the difference among classes. Based on 

this difference, OCC shows better performance than MCC in dealing with dataset 

with some problematic structure such as imbalanced data. MCC approach for such 

dataset causes inefficiency or degradation of classification accuracy, resulted from the 

difficulty of assessing difference among classes. 

As a novel approach for developing OCC algorithm, One-Class Hyper-Rectangle 

Descriptors (1 − 𝐻𝑅𝐷) have been suggested [6,7]. They can provide both prominent 

classification accuracy and interpretability to user, which have been considered as a 

trade-off in other OCC algorithms. For example, Support Vector Data Description 

that can guarantee high classification accuracy generates a classifier containing high 

degree or too complex function that cannot be interpreted by user. In contrast, 1 −
𝐻𝑅𝐷 generates Hyper-Rectangle (H-RTGL) consisting of geometric rules called in-

tervals, and they are simple if-and-then shape, which can be easily interpreted by user. 

These 1 − 𝐻𝑅𝐷  algorithms can be characterized by interval generation method. 

However, existing interval generation methods for generating 1 − 𝐻𝑅𝐷 have limita-

tions that they do not consider density or distribution, which might be important for 

learning patterns of target class. In addition, they require exhaustive and inefficient 

search procedure such as a grid search for determining the number of intervals. Based 

on these motivations, we propose an efficient method for generating 1 − 𝐻𝑅𝐷  (i) 

considering density and distribution of data and (ii) resolving inefficient parameter 

tuning issue. Specifically, we design 1 − 𝐻𝑅𝐷 based on density, called 1 − 𝐻𝑅𝐷𝑑 ,

using genetic algorithm (GA) to resolve the limitations of existing methods. 

The rest of this paper is organized as follows. Section 2 describe a literature survey 

on OCC algorithms and Section 3 suggests 1 − 𝐻𝑅𝐷𝑑  using GA. In section 4, a nu-

merical experiment is carried out to validate the performance of the proposed OCC 

classifier. In the end, we conclude this paper and address possible extensions by add-

ing some ideas to our work in Section 5. 

2 Literature Review 

There have been many previous works for developing OCC algorithms, which can be 

approximately categorized as (i) density estimation-based OCC algorithms, (ii) deci-

sion tree-based OCC algorithms, (iii) decision boundary-based OCC algorithms. In 

this section, we describe their basic concepts, algorithms pertaining to each category, 

and limitations. 

2.1 Density estimation-based OCC algorithms 

Density estimation-based OCC classifies data by measuring a probability that an in-

stance belongs to target class, where the probability is calculated by using probability 

density function (PDF) estimated using training dataset. Specifically, if the probabil-

ity is larger than a predefined threshold, the instance is classified as target class. Oth-

erwise, the instance is classified as outlier. Barnett and Lewis [2] assumed that PDF 

of dataset follows a certain normal distribution and estimated its parameters by max-
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imum likelihood estimation. Other than normal distribution such as Gamma distribu-

tion was also used for density estimation-based OCC [1]. In addition to such paramet-

ric approaches that estimate underlying distribution, nonparametric approaches were 

also considered. Tarassenko et al. [11] adopted Parzen windows exploiting kernel 

function and approximating density for classifying patient data. Even though these 

methodologies showed reasonable classification accuracy and easy to implement, 

there was no explicit standard for how to determine the threshold used for discrimi-

nating target class and outlier. 

2.2 Decision tree-based OCC algorithms 

Decision tree-based OCC algorithms perform classification by formulating decision 

tree, which consists of rules to define target class data and to provide interpretability 

to user. These rules should be extracted from training dataset by considering measures 

calculated under MCC assumption. For instance, impurity should be computed by 

using degree of instances from heterogeneous classes. However, this is not possible 

for OCC. Therefore, DeComite et al. [3] and Denis et al. [4] performed OCC by using 

representative C4.5 decision tree reinforced with artificial data that can be counterpart 

of target class data. Random forest consisting of many decision trees was also consid-

ered in order to avoid overfitting to training dataset [5]. Even though decision tree-

based OCC methods could provide clear rules with interpretability, they required 

artificial data or unlabelled data that might be classified as outlier. Furthermore, there 

existed no standard for how many artificial and unlabelled data are required. 

2.3 Decision boundary-based OCC algorithms 

Decision boundary-based OCC methods extract a boundary that includes data of tar-

get class and can be used to distinguish target class and outlier by learning pattern of 

target class. An instance is classified as target class or outlier according to whether it 

is in the extracted boundary or not. Most of OCC methods using decision boundary 

are motivated by Support Vector Machine (SVM). Tax and Duin [12,13] proposed 

SVDD that generates hyper-sphere including target class by considering support vec-

tors located in the boundary of target class. In other words, an instance is classified as 

target class if it is within hyper-sphere. Le et al. [8] extended SVDD by considering 

multiple hyper-sphere simultaneously. Schölkopf et al. [9] suggested One-Class SVM 

(1-SVM) that finds hyper-plane dividing the origin and target class. Similar to SVM, 

1-SVM maximizes the margin representing distance between the origin and hyper-

plane. OCC methods belonging to this category have prominent classification accura-

cy and can maintain the performance even if the size of dataset is small. However,

their performance is easily affected by hyper-parameter, which has no explicit stand-

ard for optimization. Furthermore, resulting classifier has extremely high complexity

which can hardly be understood by users.
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2.4 One-Class Hyper-Rectangle Descriptor 

In order to overcome these limitations, Jeong and Choi [6] proposed geometric OCC 

classifiers using a decision boundary with a shape of H-RTGL, which is called One-

Class Hyper-Rectangle Descriptor (1 − 𝐻𝑅𝐷). Because this method uses a decision 

boundary consisting of intervals for separating target class and outlier, the classifica-

tion results can be easily interpreted by users, which is different from SVDD or 1-

SVM. Specifically, Jeong and Choi [6] suggested two OCC classifiers using H-

RTGLs as follows: One is to generate H-RTGLs by merging overlapped intervals, 

namely 1 − 𝐻𝑅𝐷𝑚, and the other is to make H-RTGLs by clustering instances, name-

ly 1 − 𝐻𝑅𝐷𝑐 . Furthermore, Jeong et al. [7] suggested a method to produce H-RTGLs

by partitioning one large interval into small disjoint intervals, namely 1 − 𝐻𝑅𝐷𝑝 .

However, they did not consider density or distribution of dataset when generating H-

RTGLs, which could be utilized to improve the classification accuracy. 

3 Suggestion of 𝟏 − 𝑯𝑹𝑫𝒅 using Genetic Algorithm

3.1 Basic Idea of 𝟏 − 𝑯𝑹𝑫𝒅

We describe the basic idea for developing 1 − 𝐻𝑅𝐷𝑑  using genetic algorithm as fol-

lows. There exists a dataset 𝑋 = {𝑥1, 𝑥2, ⋯ , 𝑥𝑛}, consisting of 𝑛 instances. Each in-

stance 𝑥𝑖 is assumed to contain 𝑞 features as 𝑥𝑖 = (𝑦𝑖1 , 𝑦𝑖2, … , 𝑦𝑖𝑞), where 𝑦𝑖𝑟  is 𝑟-th

feature of instance 𝑥𝑖. Then, the suggested OCC classifier 1 − 𝐻𝑅𝐷𝑑 can be formu-

lated by generating H-RTGLs, which can be obtained by conjunction of 𝑞 intervals 

taken from each feature. Specifically, an interval from feature 𝑟 is generated as fol-

lows: We divide 𝑛 points  𝑦𝑖𝑟′𝑠(𝑖 = 1, 2, … , 𝑛) into several groups based on certain

criteria. Then, for each group we estimate a Gaussian distribution by computing sam-

ple mean �̅� and standard deviation 𝑠 of points in it. Based on those parameters, we can 

construct an interval such as (�̅� − 𝛿 ∙ 𝑠, �̅� + 𝛿 ∙ 𝑠), where δ is a control parameter for 

determining the length of interval in order to include points in the considered group. 

The number of intervals generated is equal to the number of groups, which is em-

ployed as a key factor for designing GA in the following. 

3.2 Flow Chart of the Proposed Genetic Algorithm 

The outline of the suggested algorithm for generating GA-based 1 − 𝐻𝑅𝐷𝑑 is as de-

picted in Fig. 1. At first, initial population is generated and 1 − 𝐻𝑅𝐷𝑑 is formulated

by using the information recorded in each chromosome. Fitness of chromosomes is 

assessed considering classification performance of resulted classifier. If predefined 

condition for termination of algorithm is satisfied, the fittest chromosome found so far 

is selected as a final solution. Otherwise, offspring are produced by applying crosso-

ver and mutation operation. Then, new generation is generated by selecting 𝑃 chro-

mosomes from the current population and offspring produced. 
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Fig. 1. Flow chart of the proposed GA. 

3.3 Design of Genetic Algorithm for 𝟏 − 𝑯𝑹𝑫𝒅

Chromosome structure and population size. For designing GA, one thing should be 

considered above all is to define the representation structure of chromosome. In this 

paper, we devise a chromosome as a vector with size 𝑞 and each element represents 

the number of Gaussian distributions assumed for each feature, using real-valued 

encoding scheme. In other words, 𝑟-th gene of chromosome represents the number of 

Gaussian distributions 𝑁𝐺𝑟  assumed for feature 𝑟, which can be depicted as Fig. 2.

The population size is defined as 𝑃, and initial population is generated by randomly. 

Fig. 2. Chromosome structure. 

Generation of 1 − 𝐻𝑅𝐷𝑑 . Based on the information recorded in chromosomes, 1 −
𝐻𝑅𝐷𝑑  corresponding to each chromosome is generated as follows. At first, we gener-

ate intervals corresponding to edges of H-RTGLs composing 1 − 𝐻𝑅𝐷𝑑  for each

feature 𝑟 by projecting all instances into feature 𝑟. This can be done by defining pro-

jection function 𝑝𝑟𝑜𝑗𝑟(𝑥𝑖) of instance 𝑥𝑖 into feature 𝑟 as

𝑝𝑟𝑜𝑗𝑟(𝑥𝑖) = 𝑦𝑖𝑟 . ∀𝑖, 𝑟  (1) 

Then, we apply 𝑘𝑟 −means clustering algorithm to the projection points in feature 𝑟
and separate them into 𝑘𝑟 clusters, where 𝑘𝑟 is the value of 𝑟-th gene in the consid-

ered chromosome. Then, projection points in each cluster are mapped into Gaussian 

distribution. In other words, instances belonging to a cluster of projection points are 

assumed to follow a certain Gaussian distribution, and we try to generate intervals 

using it. For instance, suppose that Gaussian distribution 𝐺𝑟
𝑞𝑟  corresponding to

𝑞𝑟(𝑞𝑟 = 1, 2, ⋯ , 𝑘𝑟)-th cluster of projection points in feature 𝑟 is defined as

𝐺𝑟
𝑞𝑟  ~ 𝑁(𝜇𝑟

𝑞𝑟 , 𝜎𝑟
𝑞𝑟),    (2) 

where 𝜇𝑟
𝑞𝑟  and 𝜎𝑟

𝑞𝑟  are mean and standard deviation of the corresponding Gaussian

distribution. Then, the intervals of 1 − 𝐻𝑅𝐷𝑑  can be calculated based on such statis-
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tics of each Gaussian distribution. Specifically, we define the interval generated from 

Gaussian distribution 𝐺𝑟
𝑞𝑟 as

𝐼𝑇𝑉𝐿𝑟
𝑔𝑟

𝑞𝑟

= [𝜇𝑟
𝑞𝑟 − 𝑁𝜎 ∙ 𝜎𝑟

𝑞𝑟 ,    𝜇𝑟
𝑞𝑟 + 𝑁𝜎 ∙ 𝜎𝑟

𝑞𝑟],      (3) 

where 𝑁𝜎 is a parameter to determine the length of interval by controlling the degree

of reflection of 𝜎𝑟
𝑞𝑟 . This procedure for generating intervals is performed for each

cluster so that the number of intervals generated in feature 𝑟 is the same as that of 

Gaussian distribution necessary for generating intervals.  

Fig. 3 and Fig. 4 describe interval generation procedure mentioned above. If 𝑘𝑟 in

feature 𝑟 is 3 and resulted clusters of projection points are as depicted in Fig. 3, then 

three intervals are generated from statistics of the corresponding Gaussian distribution 

as depicted in Fig. 4. 

Fig. 3. Clustering projection points and mapping to Gaussian distribution. 

Fig. 4. Interval generation based on the statistics of Gaussian distribution. 

Since projection points for each feature are clustered in 𝑘𝑟 clusters, and there are 𝑞
features in the whole dataset, the total number of resulted intervals is calculated as 

∑ 𝑘𝑟
𝑞
𝑟=1 .  (4) 

Then, H-RTGLs are formulated by applying the conjunction of these intervals feature 

by feature. Specifically, conjunction of intervals is performed by 𝑞-fold Cartesian 

product operation. Since there are 𝑘𝑟  intervals for each feature, maximally ∏ 𝑘𝑟
𝑞
𝑟=1

interval conjunctions can be possible. However, considering all interval conjunctions 

is not efficient and it may generate meaningless intervals including no instance. 

Therefore, we only obtain interval conjunctions containing any instance as 

𝜋(𝑞1, 𝑞2, ⋯ , 𝑞𝑞) = ∏ 𝐼𝑇𝑉𝐿𝑟
𝐺𝑟

𝑞𝑟
𝑞
𝑟=1 = 𝐼𝑇𝑉𝐿1

𝐺1
𝑞1

× 𝐼𝑇𝑉𝐿2

𝐺2
𝑞2

× ⋯ × 𝐼𝑇𝑉𝐿𝑞

𝐺𝑞

𝑞𝑞

,      (5) 

where 𝑞𝑟 is the cluster index (i.e., interval index) in feature 𝑟, and  𝐼𝑇𝑉𝐿𝑟
𝐺𝑟

𝑞𝑟

is an in-

terval generated by using 𝐺𝑟
𝑞𝑟  in feature 𝑟.
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Fig. 5 is an example of interval conjunction considering two features containing 

two intervals, respectively. Even though 4 interval conjunctions can be possible, we 

only use 𝜋(1,1) and 𝜋(2,2) since 𝜋(1,2) and 𝜋(2,1) contain no instance. 

Fig. 5. An example of interval conjunction. 

Such interval conjunctions reflect each of features and can be seen as H-RTGLs. 

However, there still exists a risk of overfitting since intervals are generated feature by 

feature. Thus, we apply additional fitting procedure to interval conjunctions contain-

ing instances. Specifically, intervals are tuned by fitting function based on instances 

in them and fitted value 𝐹𝑖𝑡𝑟 (𝜋(𝑞1, 𝑞2, ⋯ , 𝑞𝑞))  of interval conjunction

𝜋(𝑞1, 𝑞2, ⋯ , 𝑞𝑞) in feature 𝑟 is defined as

𝐹𝑖𝑡𝑟 (𝜋(𝑞1, 𝑞2, ⋯ , 𝑞𝑞)) = [ min
𝑥𝑗∈ 𝐼𝑇𝑉𝐿𝑟

𝐺𝑟
𝑞𝑟

𝑝𝑟𝑜𝑗𝑟(𝑥𝑗) − 𝑣𝑟 ,

max
𝑥𝑗∈ 𝐼𝑇𝑉𝐿𝑟

𝐺𝑟
𝑞𝑟

𝑝𝑟𝑜𝑗𝑟(𝑥𝑗) + 𝑣𝑟  ] , ∀ 𝑟,

     (6) 

where 𝑣𝑟  is a fitting parameter. Then, H-RTGLs are formulated by logical product of

fitted intervals, and they are used to classify instances as target class and outlier. If an 

instance is in H-RTGL, it is considered as target class or outlier otherwise. Fig. 6 

depicts an example of H-RTGL as classifier. 

Fig. 6. Resulted H-RTGL as classifier. 

Fitness function. Meanwhile, GA includes an iterative process to improve solution 

by handing over promising solutions to next generations. Fitness function is defined 

to achieve this process. It evaluates chromosomes in population in order to distinguish 

good and bad solutions. Since we tackle OCC problem, fitness of each chromosome 

should be assessed by considering classification performance of classifier. Therefore, 
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we define fitness function as in Equation 7, where 𝐴𝑈𝐶 is Area Under ROC Curve 

(AUC) that is a sort of measure to evaluate classification performance and will be 

described in section 4. 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠_𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝐴𝑈𝐶           (7) 

Crossover Operator. After evaluating fitness function, two chromosomes should be 

selected as parent used for generating new offspring. We carry out roulette wheel 

selection that assigns each chromosome probability to be selected as parents, propor-

tional to its fitness value. Then, new offspring chromosomes are generated by crosso-

ver operation to update population. One of the most common crossover operations is 

point crossover, which combines parental chromosomes according to crossover point. 

However, this simple crossover operation just mixing the numbers of Gaussian distri-

bution in parents might cause inefficiency because it cannot reflect the characteristics 

about distribution of points in feature 𝑟. Thus, we adopt arithmetical crossover opera-

tor that generates offspring chromosomes by arithmetic operation among parental 

chromosomes. Specifically, we define two gene values 𝑦𝑟
1  and 𝑦𝑟

2  of offspring by

using 𝑥𝑟
1 and 𝑥𝑟

2 from parental chromosomes in feature 𝑟, which is depicted as Equa-

tion 8, where 𝛼 is a random number between 0 and 1 used for crossover operation. 

Also, Fig. 7 describes an example of our arithmetic crossover operation, which gener-

ates two offspring chromosomes 𝐶1, 𝐶2 by using two parents 𝑃1, 𝑃2. All floating 

points are rounded off. 

𝑦𝑟
1 = 𝛼𝑥𝑟

1 + (1 − 𝛼)𝑥𝑟
2

𝑦𝑟
2 = (1 − 𝛼)𝑥𝑟

1 + 𝛼𝑥𝑟
2  (8) 

Fig. 7. An example of arithmetic crossover operation. 

Mutation Operator. In genetic process in nature, sometimes chromosome in off-

spring is affected by mutation. It means that some offspring have different features 

from any of parents. Diversity of species can be preserved due to this unexpected 

change. GA that mimics this reproduction process in nature also has an artificial mu-

tation operation. We use a simple integer vector mutation that can be suitable for inte-

ger-valued encoding. Specifically, we increase or decrease the value of gene by 1 if it 

is selected for mutation. This occurs with probability 𝑝𝑚 .
Population Update and termination condition. After producing new generation 

with size 𝑃  by crossover and mutation operations, we select only 𝑃  chromosomes 
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with high fitness value among 2𝑃 chromosomes to preserve the size of population. 

Moreover, as criteria for termination of algorithm, we suggest stopping the algorithm 

if there is no improvement of solution through the number of generations (exactly 5). 

Since this policy uses computation resources more efficiently than other conditions 

[10]. 

4 A Numerical Experiment 

4.1 Experimental Design 

To evaluate classification performance of suggested 1 − HRD𝑑  using GA, we de-

signed a numerical experiment with datasets provided by UCI machine learning re-

pository. We used four datasets namely Iris, Breast, Biomed, Liver. Since there exist 

multiple classes in those datasets, we chose one class as target class and other classes 

as outlier. Table 1 summarizes the number of features, selected target class, the num-

ber of instances in target class, and the number of instances in outlier. 

Table 1. Information of datasets. 

Iris Breast Biomed Liver 

Number of 

features 
4 9 5 6 

Target class Virginica Malignant Normal Healthy 

Size of target 

class 
50 241 127 145 

Size of outliers 100 458 67 200 

Moreover, we used 50% of instances belonging to target class as training dataset to 

learn 1 − 𝐻𝑅𝐷𝑑, whereas the rest of instances in target class and outliers were used as

test dataset to verify the classifier. In Iris dataset, for instance, training dataset con-

sists of 25 instances randomly selected from target class and test dataset consists of 

the remaining 25 instances in target class and 100 outliers. By performing pre-

experiment, we set  𝑃 = 20, and probability of mutation 𝑝𝑚 = 0.01.

For performance measure, we considered AUC that can assess 1 − 𝐻𝑅𝐷𝑑  in terms

of the ability of excluding outliers as well as including instances of target class. AUC 

can be calculated by drawing ROC curve, which consists of true positive rate (TPR) 

representing the ratio of instances classified as positive among actual positive instanc-

es and false positive rate (FPR) representing the ratio of instances classified as posi-

tive among actual negative instances. In general, a classifier with high TPR may not 

be desirable if FPR of the classifier is also high since the classifier might not be capa-

ble of separating positive and negative classes. AUC can properly evaluate such unde-

sirable classifier as low AUC value. Therefore, for each 1 − 𝐻𝑅𝐷𝑑, we drew ROC

curve by increasing 𝑣𝑟  in fitting function, determining the length of intervals, until all

instances of target class in test dataset are covered. Fig. 8 depicts one ROC curve and 
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AUC value obtained by using one 1 − 𝐻𝑅𝐷𝑑 , which was constructed by using one

chromosome for Biomed dataset. 

Fig. 8. Example of ROC curve and AUC calculated. 

4.2 An Experimental Result 

Table 2 displays an experimental result of 20 replications used to measure classifica-

tion performance of proposed classifier generated by GA compared to other OCC 

algorithms. Results of existing 1 − 𝐻𝑅𝐷s and representative OCC algorithms were 

taken from references [7,14]. 

Table 2. Comparison of AUC obtained from 1 − HRD𝑑 and other OCC algorithms

Iris Breast Biomed Liver 

AUC * 100 (standard deviation) 

1 − HRD𝑑 98.2 (1.0) 96.2 (0.8) 90.3 (1.1) 61.1 (1.4) 

1 − HRD𝑚 96.1 (1.1) 95.1 (1.2) 89.6 (1.2) 61.6 (1.6) 

1 − HRD𝑝 97.6 (0.9) 96.2 (0.7) 85.2 (1.2) 59.4 (2.3) 

Naïve Parzen 95.4 (1.1) 96.5 (0.4) 93.1 (0.2) 61.4 (0.7) 

Gauss 97.8 (0.6) 82.3 (0.2) 90.0 (0.4) 58.6 (0.5) 

PCA 90.9 (4.7) 30.3 (1.0) 89.7 (0.5) 54.9 (0.5) 

SVDD 98.1 (0.8) 70.0 (0.6) 2.2 (0.3) 4.7 (1.4) 

We could observe that the classification accuracy of 1 − 𝐻𝑅𝐷𝑑  was better than or

similar to that of existing 1 − 𝐻𝑅𝐷s in most of datasets, except for Liver dataset. 

These results support that there exists obvious improvement in 1 − 𝐻𝑅𝐷𝑑, although

more datasets should be considered to confirm the superiority of it. In addition, due to 

application of GA , these results are desirable since 1 − 𝐻𝑅𝐷𝑑 does not require ex-

haustive and inefficient grid search for tuning parameter carried out in 1 − 𝐻𝑅𝐷𝑚 and

1 − 𝐻𝑅𝐷𝑝.  Meanwhile, 1 − 𝐻𝑅𝐷𝑑  showed competitive performance compared to

other OCC algorithms as well. Especially, classification performance of 1 − 𝐻𝑅𝐷𝑑

was the highest in Iris dataset among all OCC algorithms. Although performance of 

1 − 𝐻𝑅𝐷𝑑 was slightly lower than Naïve Parzen classifier, it can provide interpreta-

bility of classification results important for post analysis of dataset.  
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4.3 Interpretability Example 

This subsection contains how resulted H-RTGLs of 𝟏 − 𝑯𝑹𝑫𝒅 can be interpreted by

user. We considered Iris dataset and Setosa class not used in the numerical experi-

ment as target class. Table 3 describes information of H-RTGL obtained by 𝟏 −
𝑯𝑹𝑫𝒅.

Table 3. Information of H-RTGL describing Setosa species. 

Feature Interval of each feature 

Sepal Length 4.1 – 6.0 

Sepal Width 2.4 – 4.8 

Petal Length 1.1 – 1.9 

Petal Width 0.0 – 0.8 

If an unidentified instance has (i) Sepal Length between 4.1-6.0, (ii) Sepal Width 

between 2.4 – 4.8, (iii) Petal Length between 1.1 – 1.9 and (iv) Petal Width under 0.8, 

it is classified as target class. Fig. 9 visualizes H-RTGL into feature space, with scat-

ter plot of Iris dataset. Since this H-RTGL covers all instances in Setosa class marked 

as * and includes no outliers as depicted in Fig. 9, resulted H-RTGL can be consid-

ered as representative pattern of Setosa class.  

Fig. 9. H-RTGL visualized in feature space with scatter plot of Iris dataset. 

In addition, we can observe Petal Width of Setosa class is far from that of other clas-

ses. Therefore, Petal Width of Iris is concluded as essential feature to distinguish in-

stances of Setosa Class from those belonging to other classes. In this way, H-RTGL 

can be used to get useful insights such as key features for feature selection. 

5 Conclusion 

In this paper, we proposed an efficient OCC classifier 1 − 𝐻𝑅𝐷𝑑  by using GA. Ap-

plication of GA allowed systematic generation of 1 − 𝐻𝑅𝐷𝑑  and was expected to be a

remedy for parameter tuning problem of it. Especially, we devised encoding scheme 

that could represent the number of Gaussian distributions assumed in each feature 𝑟 

and other operators such as crossover and mutation. As a result, we could achieve 
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desirable classification performance compared to other OCC algorithms as well as 

existing 1 − 𝐻𝑅𝐷s.  

Moreover, some further ideas and possible extensions as future works to elaborate 

our research are as follows. At first, we intend to consider large and complex dataset 

since dataset used in this paper may not be sufficient to assess robustness and scala-

bility of the suggested algorithm. Also, we may substitute the GA as other population-

based metaheuristics such as Particle Swarm Optimization (PSO). In terms of interval 

generation method, we plan to refine clustering procedure of projection points. Since 

𝑘-means clustering is vulnerable to convergence to local optima, strategies for global 

searching is required. Various distribution other than Gaussian distribution can be 

also considered in order to handle dataset not following Gaussian distribution. 
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Abstract. The broad application of machine learning methods and algorithms in 
diverse range of organisational settings led to the adoption of legislations, like 
European Union's General Data Protection Regulation, which require firm capa-
bilities to explain algorithmic decisions. Currently in the machine learning liter-
ature there does not seem to be a consensus on the definition of interpretability 
or comprehensibility of a machine learning solution as well as of the necessary 
level of comprehensibility (or interpretability) of such solution and on how this 
level can be determined, measured and achieved. In this article, we provide such 
definitions based on our extensive experience of building machine learning solu-
tions for various organisations across industries. We present a detailed step-by-
step methodology for establishing and achieving the right level of comprehensi-
bility for an end-to-end machine learning solution. The methodology provides 
guidance on creating the necessary level of comprehensibility at each stage of the 
machine learning solution building process and is consistent with best practices 
of project management in the machine learning setting. We illustrate the sug-
gested methodology with a recent case study in the insurance industry and discuss 
how its versatility and intuitive approach that is consistent with best project man-
agement practices allows it to become effortlessly applicable across variety of 
industries and types of machine learning projects. 

Keywords: data analysis, machine learning, comprehensibility, comprehensi-
bility matrix, case study, insurance. 

1 Introduction 

The advent and rapidly increasing application of artificial intelligence (AI) methods, 
algorithms and systems in diverse range of human endeavours and organisational set-
tings are having a profound impact on human society. This has led to an increased con-
sideration of our capability to assess and ensure the explainability of the performance 
of AI systems and the interpretability of the results they produce. A special interest for 
those who deal with data analysis is the level of interpretability of machine learning 
(ML) output and respective solution models. This has been driven by the fact that the
leadership of the organisations who use ML applications or ML consultants, require
provided solutions to be easily understandable in order to foresee the impacts and mit-
igate risks in implementing them, under diverse legislation protections. For instance,



the European Union's General Data Protection Regulation (GDPR), which entered into 
force in May 2018 (GDPR, 2016), has several articles related to the right to explanation. 
For instance, articles 13–15 of the GDPR include sub-articles related to cases involving 
automated decision-making. These sub-articles translate into obligations to companies 
and/or individuals to be able to provide either detailed explanations of individual algo-
rithmic decisions or general information about how the algorithms make decisions 
(Wallace and Castro, 2018). These and similar developments increase the pressure on 
the development of methodologies, which can enable and ensure the explainability of 
the results. Such explainability is closely related with two concepts: interpretability and 
comprehensibility. 

In this paper we will focus on comprehensibility of ML solutions rather than inter-
pretability of individual models. The objective of this paper is to introduce a definition 
of comprehensibility of an end-to-end industry ML solution, provide a methodology 
for establishing the necessary level of comprehensibility of such solution and ensuring 
that this level is achieved as we go through the stages of the ML solution building pro-
cess. The methodology, presented in the paper, is consistent with best practices of pro-
ject management in the ML setting and is applicable both in industrial and applied re-
search settings. We illustrate it in details with a recent case study in the insurance in-
dustry.  

1.1 Interpretability and Comprehensibility of ML Solutions 

While the concept of interpretability of a model is intuitively easy to understand, 
there is no consensus on the definition of interpretability, on whether the term “inter-
pretability” or “comprehensibility” should be used instead and in what settings. Addi-
tionally, there is insufficient clarity in terms of the scope that the concept covers: while 
some authors narrow the focus of interpretability to the model only, others prefer to 
look at the interpretability of the overall ML solution. Doshi-Velez and Kim (2017) 
provide compact and refined overview of the state-of-the art around interpretability. 

Sometimes the term “interpretability” is used interchangeably with “comprehensi-
bility”. Their definitions vary from one article to another, but often are very similar. 
For example, in earlier works comprehensibility is described as ability of the “learning 
algorithm to encode its model in such a way that it may be inspected and understood 
by humans.”  (Craven, 1996) while interpretability is described as “the ability to explain 
or to present in understandable terms to a human” (Doshi-Velez and Kim, 2017).  

Often such definitions tend to narrow the focus to the model itself, which is only one 
phase of the larger modelling process (Gleicher, 2016). 

While succinct and intuitive, the definitions similar to those mentioned above are 
very broad; they leave out the overall organizational context and related practical as-
pects of the operationalisation of comprehensibility. For example, they do not take into 
account the fact that different groups of “humans” might be interested in different as-
pects of the information produced by the ML solution and to a different extent: say, for 
the model delivery team it might be more important to understand the data specifics 
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and choose a suitable ML algorithm for the underlying ML model, while for the com-
pany executives it may be necessary to understand how the model output can be used 
to inform and improve their business decisions. 

1.2 The “Comfortable” Level of Comprehensibility of a Business ML 
Solution 

In this paper we will discuss interpretability/comprehensibility of an end-to-end ML 
solution i.e. an end-to-end business solution that directly informs business decisions 
and processes based on the use of ML tools and techniques. 

Gleicher (2016) uses the term “comprehensibility” and defines it as the “ability of 
stakeholders to understand relevant aspects of the modeling process” (Gleicher 2016, 
p.1). Further expanding on this, we suggest comprehensibility of a ML solution to be
defined as “ability of the key stakeholders of a ML project to understand the required
relevant aspects of the ML solution”. This definition reflects the fact that a necessary
part of the business process is to establish the key stakeholders and their required level
of understanding based on the project objectives.

What should be the “right” or necessary level of comprehensibility of a business ML 
solution? In current literature there is no definite answer to this question. We define it 
as the level of comprehensibility that is required to achieve the project goals. If this 
comprehensibility level is not achieved, the solution will be inadequate for the purpose. 
This level needs to be established and documented at the initiation stage of the project 
as part of requirement collection. 

Obviously, this level will differ from one project to another depending on the busi-
ness goals. 

For example, while sometimes the ability of the solution to explain individual pre-
dictions can be important - for example, in medical diagnosis or terrorism detection, in 
many cases the need to understand and trust the internal logic of the model is of more 
value (Ribeiro et al, 2016). In our practice we found that if the solution is needed to 
inform business decisions about policy, strategy or interventions aimed to improve the 
business outcome of interest (e.g. increase sales volume, marketing campaign conver-
sion rate or reduce insurance claim cost), then transparency and end-to-end auditability 
of the ML solution is directly stated by the organisation as a necessary requirement 
(later we discuss such a situation when describing the case study). Sometimes, on the 
other hand, it is the accuracy of the solution that is of the most importance, for example, 
in an image-classifying project, where it is important to identify as many as possible 
images of a certain type and where misclassifying an individual image is not of great 
concern. 

2 Proposed Methodology of Establishing and Building the 
Comfortable Level of ML Solution Comprehensibility 

The methodology of building comprehensibility of a solution is based on our solution 
development methodology (SDM), which seven stages are described in Table 1 and 
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Fig. 1. Whilst SDM has some overlapping elements with earlier methodologies, like 
SAS Institute SEMMA and CRISP-DM, it structure accommodates conveniently the 
necessary elements to take care about comprehensibility through the whole process.   

Table 1. Solution development methodology (SDM) 

Stage Description 
1 Project initiation stage (determining business objectives, key stakeholders, 

collecting business requirements, agreeing what data to use, etc.) 
2 Data audit and data checks 
3 Data predictive potential evaluation 
4 Data enrichment (if needed) 
5 Model Development (determining the algorithms to use, data pre-pro-

cessing, feature selection. feature engineering, model building and evalua-
tion) 

6 Deriving the needed business insights 
7 Documentation development (if required). Deployment, monitoring and 

updating (if required) 

Fig. 1. Macro process diagram of SDM. 

We will now discuss how to ensure that the comfortable level of solution compre-
hensibility is met by going through each project stage. 

2.1 The Project Initiation Stage and Comprehensibility Matrix 

The project initiation stage is crucial from the solution comprehensibility building per-
spective. It begins by establishing the project objectives and key stakeholders. 

For example, typical business objectives may include building an ML solution that 
will: 

• explain what factors and to what extent drive the business outcome of interest;
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• allow the organisation to derive business insights that will help make data-driven
accurate decisions regarding what changes can be done to improve the outcome of
interest by a specified percentage;

• be accurate and robust, and use real-world organisational data;
• have easy to understand outputs that will make sense to the users and that the users

can trust;
• be implementable to the organisational data without disrupting the work of the IT

team and other professional teams.

In terms of key stakeholders some typical stakeholder groups in our experience are: 
executive team, data providers team (e.g. IT team); subject matter expert (SME) team; 
modelling team. Sometimes external groups such as industry regulators, are also in-
cluded. 

Once the goals and the stakeholders are established, the process of business require-
ment collection begins. As part of this process we work with the stakeholders to deter-
mine what is the necessary level of solution comprehensibility (as defined above). For 
example, the established comfortable level of comprehensibility may require that the 
relevant organisational stakeholders need to have understanding of: 

• What are the data inputs - are they relevant, of suitable quality and representative
of the real-world data

• The high-level modelling approach, its validity and whether it is proven and is
likely to work in this industry

• Solution outputs: are they consistent with the project goals in terms of accuracy,
format, ease of understanding for the end users, level of potential business insight
etc, and are they valid from ML and business points of view

• How the solution will be implemented, monitored and updated.

When the right level of the solution comprehensibility is agreed, the next step is to 
establish what needs to be done by which stakeholder at each project stage in order to 
ensure that the solution we are building will have the right degree of comprehensibility. 
To achieve this, we fill out the comprehensibility matrix in Table 2. 

Table 2. Comprehensibility matrix structure 

Key Stakeholder 1 Key Stakeholder 2 … Key Stakeholder n 
Project Stage 1 
Project Stage 2 
… 
Project Stage 7 

In each cell of the matrix we need to document what has to be done by this stake-
holder at this project stage to ensure that the required solution comprehensibility will 
be achieved. This matrix, once completed, becomes part of the business requirements 
document (BRD). The activities it outlines are integrated into the project plan. They 
then are performed, updated and monitored along with the project plan as needed. 
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We will now discuss some typical entries to the comprehensibility matrix at each 
stage of the ML solution building process, and in a later chapter we will illustrate this 
in detail with a case study. 

2.2 Stages 2-4. Data Understanding (Comprehension) 

From the perspective of interpretability/comprehensibility stages 2, 3 and 4 form the 
data understanding (comprehension) mega-stage. 

Stage 2. Data Audit (and Gaining Data Understanding), Data Cleansing. If achiev-
ing user trust in the solution is part of the required level of comprehensibility, usually 
the users will want to be certain that the data used by the solution is of adequate quality 
and representative of the real-world data that the model will be deployed on. If this is 
the case, at this stage we need to ensure that the data satisfies these requirements. 

In terms of comprehensibility matrix, at this stage the following stakeholder groups 
are typically involved in the ways described below. 

Modellers usually need to learn from SMEs the subject matter aspects that would 
allow them to gain data understanding and perform data audit and cleansing more ef-
fectively (for example, they might want to understand data definitions, acceptable data 
values and ranges etc), they might need to provide a data extraction template to the data 
providers; SMEs usually need to conduct any required data “sanity checks”. Data pro-
vider team extracts the data in the required format and might need to share with SMEs 
and modellers the necessary information about data availability/accessibility, known 
issues etc. 

Stage 3. Predictive Potential Evaluation of the Data. At this stage we assess whether 
the available data is sufficient for achieving the business goals. The cleansed and oth-
erwise prepared data is used for evaluation of its predictive potential using powerful 
ML methods like gradient boosting, random forests or complex method ensembles. 

In terms of comprehensibility matrix, at this stage the following groups are involved 
in the following ways: modellers may need to establish the predictive potential of the 
data from the statistical point of view (for example by establishing what percentage of 
target variability can be explained by the data). They then share this knowledge with 
other relevant stakeholders (SMEs, data providers, etc) to determine if it is sufficient to 
achieve the right level of comprehensibility. Additionally, any sanity checks required 
may need to be done at this stage by SMEs and modellers. 

Stage 4. Data Enrichment. At this stage if it has been previously determined that the 
initially provided data is not sufficient for the project purposes, data enrichment is con-
ducted. Additional internal and external data sources are identified, the new data is ex-
tracted, audited and cleansed and added to the previously used data. Then predictive 
potential of the enriched data is again assessed. This stage is repeated until the neces-
sary level of predictive potential is achieved. 
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From the comprehensibility matrix perspective, the key stakeholder groups that are 
usually involved in this stage are SMEs, data providers and modellers.  

SMEs might need to help identify additional data to enrich the model, data providers 
extract it in the specified format, modellers add the data to the model and assess the 
predictive potential from the statistical perspective. SMEs need to design and perform 
“sanity checks” and, when satisfied with the check results, determine whether the pre-
dictive potential of the enriched data is sufficient to achieve the right level of compre-
hensibility. 

Stage 5. Modelling. At this stage the ML technique to be used for modelling needs to 
be selected, the data needs to be pre-processed, the model needs to be applied to the 
data and its results need to be evaluated.  

It is crucial to choose a technique that will allow us to achieve the right comprehen-
sibility level. When making this choice, it is important to keep in mind that, as Freitas 
(2013) mentions, there is a trade-off between model accuracy and flexibility on one 
hand, and  ease of its ability to be interpreted on the other hand.  

Some modelling methods produce output that is relatively easy to explain to an ML 
layman – these are, for example, decision trees, association rules and other classifica-
tion rules-related techniques, as well as model agnostic techniques which provide local 
explainability via additive feature attribution, like SNAP (Lundberg and Lee, 2017), 
additive models (Lou et al., 2012), attention-based networks or sparse linear models. In 
our experience, such methods are useful when the business goals require the solution 
to be transparent and easily audited (for example, when it needs to be assessed by the 
industry regulator), or when the solution needs to be used to guide strategy, policy or 
business interventions.  

Other algorithms, for example, deep neural networks, complex ensemble models or 
random forests with large numbers of trees (Ribeiro et al, 2016) are functionally “black 
boxes” i.e. their internal logic is difficult to explain to a non-expert however their ac-
curacy level is usually very high.   

If the project goals require accuracy more than the ease of explaining of the logic of 
the output derivation, for example, when analysing audio and images data, then the 
choice of “black box” ML techniques that accurately model such data such as deep 
neural networks will be more suitable.  

Finally, if both accuracy and comprehensibility are required (for example, in medical 
diagnostics or terrorist detection) then a “black box” model can be chosen and model-
agnostic interpretability methods may be used (Ribeiro et al, 2016). 

From the comprehensibility matrix perspective, the key stakeholder groups that are 
usually involved in this stage are modellers and SMEs. The modellers need to ensure 
that the chosen algorithm(s), the methods of feature selection and feature engineering, 
the model evaluation methods and the results they produce are in line with building the 
right level of comprehensibility.  

Once the model is built, “sanity checks” might need to be performed by SMEs and 
modellers. 
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Stage 6. Deriving Business Insights. At this stage business insights necessary to 
achieve the project goals are derived. From the comprehensibility matrix perspective 
typically at this stage the following stakeholders are involved as follows. End users 
(e.g. executive team) need to gain understanding of the business insights derived from 
the solution, check that the insights are valid and valuable and build trust in these in-
sights. To achieve this, the modelling team in consultation with SMEs may prepare a 
presentation, demonstration and/or a report that serves this purpose. Such a presentation 
might cover the insights gained, a high-level description of the solution, the data used, 
the scenarios is can cater for, its performance evaluation and how its outputs can be 
interpreted to help inform the needed business decisions. 

Stage 7. Documentation. Deployment and Monitoring. To ensure that the achieved 
comprehensibility level is maintained during the future use of the solution, usually a 
technical report will need to be created. The necessary comprehensibility aspects that 
should be covered by the report need to be documented in the comprehensibility matrix. 
For example, the matrix might state that the report needs to include a solution manual 
and a glossary; that the modellers need to produce this report and that the SMEs and 
end users need to review and sign off on the report. 

If the solution needs to be deployed, in terms of comprehensibility matrix, the teams 
that will be involved would typically be the deployer team and the modelling team. The 
former will need to understand the project goals, the data used and any information 
necessary for the solution deployment and maintenance, for example the relevant data 
extraction, cleansing and pre-processing that needs to performed; the model formula; 
any built-in model performance evaluation criteria etc. They typically will need to doc-
ument the way the model was deployed and distribute the documentation to the other 
stakeholders. The latter team may deliver a presentation for the deployers or provide 
consultations on the model specifics if required. 

3 Demonstration of Proposed Methodology - A Case 
Study in Workers Compensation Insurance 

3.1 Project Background and Objectives 

A large Australian Workers Compensation insurer wanted to build a ML solution that 
would enable the organisation to gain data-driven insights into risk factors of workers 
compensation claims lasting longer than a year. Claim duration is the major cost driver 
in workers compensation insurance, and the ability to identify high risk claims is of 
major importance for targeting case management effort. 

Business objectives of building an ML solution project were as follows. The solution 
had to 

• Identify the most important factors and their combinations that at early stage of claim
lodgement drive the risk of claim duration being a year or longer; rank these factors
in order of importance and quantify their influence
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• Enable a case manager to identify at early stages of a claim development the claims
at risk to last longer than a year and inform what can be done to help reduce the risk.
Develop human-interpretable business rules for the case manager to use for this pur-
pose

• Be easy for the organisational IT team to deploy, and for the BI team to be able to
develop in-depth understanding of it as well as monitor and update it as required

The data agreed included: claimant information (gender, occupation, income estimate, 
age at the time of injury, etc); employer and industry data; injury information (injury 
date, nature of injury, body part, etc); previous claims history of the same claimant etc. 

3.2 Comprehensibility Process Building at Each Stage 

We present the comprehensibility process building at each stage. We will label each 
stage in order to refer to it in the appropriate area of the comprehensibility matrix in 
Fig. 2. 

Project Initiation Stage. Comprehensibility Matrix (3.2.1). First, the key stakehold-
ers were identified as follows: the executive team including representatives of case 
management team; SME team, business intelligence (BI) team who would do data ex-
traction and develop skills and knowledge that would enable them to monitor and up-
date the solution), IT team who would deploy the solution and ML modellers. 

Then, the necessary comprehensibility level of the solution was established in 
workshops and discussions with the stakeholders as follows. 

• The business rules produced by the solution needed to make sense to SMEs and be
easy to understand for end users (executives and case managers).

• End users (executives and case managers) should be able to develop understanding
of the results and trust in them. Specifically:
─ It should be clear to the executives what scenarios the solution can work with and

what business questions it would be able to help address. 
─ The solution should be transparent, easily auditable and its results should be vis-

ualised 
• The BI team should be able to:
─ Gain in-depth knowledge of how the solution works and be able to update and

monitor it. Fully understand the workings of the underlying ML model. 
─ Understand what data and in what format needs to be used and how it has to be 

pre-processed before being included into model development. Check that the data 
inputs to the solution were audited and preprocessed in the way that ensured their 
integrity as well as effective treatment of noise and errors 

─ Understand the model outputs and the way they can be used to produce business 
insights 

• The IT team needed to have a high-level understanding of how the solution works
and establish the best way to deploy it for the organisational use
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• The SMEs needed to check the model inputs for integrity and relevance; suggest
additional data for model enrichment if the enrichment is required, gain a high-level
understanding of how the solution will work and what data will be used. They also
needed to use this understanding to help executive and case managers build trust in
the model.

• The solution needed to be fully transparent and well documented to ensure ease of
familiarising of new team members in executive, BI, IT and case management teams.

Comprehensibility Matrix. Comprehensibility matrix, presented in Fig. 2, was then de-
veloped via workshops and discussions with the stakeholders. The level of the involve-
ment of each stakeholder team to ensure the right level comprehensibility for the project 
was established as follows: 

Modelling team needed to 

• gain understanding of the subject matter relevant to the project goals achievement
• gain understanding of the available data,
• establish whether the data is sufficient for the project purposes: whether data enrich-

ment will be needed; if enrichment is needed, understand what data would be suita-
ble to add for the enrichment purposes

• Express the model output as human-interpretable rules
• Create a technical report, documented solution code, a solution manual for BI team

and a user manual for case managers.

All stakeholders other than the ML modelling team in order to build trust in the solution 
needed to gain a high-level understanding of the ML solution building process (see 
diagram 1) and of what happens at each step of the process. 

As the detailed comprehensibility matrix spelling out each task that each team had 
to do at each project stage is too large to show on a page, we will provide below a high-
level diagram.  Each cell of the diagram indicates the established level of involvement 
of each stakeholder at each stage and specifies the section of the article where the rele-
vant details of who needed to do what are given. 

The labels “High”, “Med” and “Low” describe the established level of involvement 
of each stakeholder in developing of shared understanding of the project team.  Such a 
high-level diagram has its own use as it allows the project team to grasp quickly the 
overall level of comprehensibility across the project as well as immediately identify 
any weak areas or bottlenecks, and establish how they should be addressed. 

Additionally, at the project initiation stage the modelling team held a brief presenta-
tion for other teams to explain the ML project methodology we use based on Fig. 1. 

Project Stage 2. Data Audit and Cleansing (3.2.2). The stakeholders involved in this 
stage were BI team who extracted and prepared the data, modelling team who did data 
audit and SME team who explained various data meaning aspects and performed “san-
ity checks”. Specifically, it was recorded in the matrix that: 
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• Modelling team needed to develop data understanding (via getting familiar with
metadata etc) to enable effective data audit and cleansing.

• SMEs needed to
─ gain high-level understanding of the modelling approach (e.g.  the ways in which

machine learning approaches differ from generalised linear models that were pre-
viously used by the organisation and that SMEs grew familiar with).  

─ participate at data sanity checks and in solving of any issues related to data un-
derstanding 

• BI team needed to understand data requirements and explain to the modelling and
SME teams any data issues or limitations that can affect the project objective and
suggest the ways of solving the issues.

Fig. 2. Comprehensibility matrix of the project 

Project Stage 3. Predictive Potential Evaluation of the Data (3.2.3). At this stage it 
was assessed whether the data was sufficient for achieving the business goals. The key 
stakeholders involved in this step were the SME, BI and modelling teams. 

Specifically, it was recorded in the matrix that: 

• SMEs needed to gain high-level of understanding of what “variability explained by
a model” is and what data enrichment is.
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• The modellers needed to find the percentage of variability explained by the prelim-
inary model, and together with SMEs establish whether the data enrichment is nec-
essary.

• BI team needed to develop understanding on what was done by the modelling team,
how and why in order to be able to perform similar tasks when updating the solution
in the future; to achieve this, modelling team needed to conduct knowledge transfer
to the BI team.

Project Stage 4. Data Enrichment (3.2.4). The key stakeholders involved in this step 
were the SME, BI and modelling teams. The comprehensibility matrix recorded that 
at this stage: 

• SME team needed to provide information to modellers on what additional factors
could drive the outcome

• modellers needed to add it to the model and establish the updated model predictive
potential.

• After the data was added to analysis, the enriched data predictive potential needed
to be assessed by SMEs who had to decide whether it is sufficient for the project
goals achievement.

• BI team needed to develop understanding on what was done by the modelling team,
how and why in order to be able to perform similar tasks when updating the solution
in the future; to achieve this, modelling team needed to conduct knowledge transfer
to the BI team.

The additional information to add to the solution was identified by SMEs as data on 
use of opioids by the claimants; lag between injury and claim lodge; service provider 
data (identity and specialty (doctors, physiotherapists etc.); number of visits by claim-
ant; provider location, and others.  

It was established at the end of this stage that the percentage of variability explained 
by the enriched model was much higher than before and was sufficient for the project 
purposes. 

Project Stage 5. Model Development (3.2.5). The key stakeholders involved in this 
step were the SME, BI and modelling teams. The comprehensibility matrix recorded 
that at this stage 

• modellers needed to establish and apply the techniques that would produce the
model that meets comprehensibility requirements.

• SME team needed to check that the model outputs meet the requirements and are
valid from the business point of view.

• BI team needed to develop understanding on what was done by the modelling team,
how and why in order to be able to perform similar tasks when updating the solution
in the future; to achieve this, modelling team needed to conduct knowledge transfer
to the BI team.
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The modelling approach was developed as a hybrid of gradient boosting, association 
rules and decision trees. The model accuracy and performance was found suitable. 

Project Stage 6. Deriving Business Insights (3.2.6). The key stakeholders involved in 
this step were the executive team, SME, BI and modelling teams. 

The comprehensibility matrix recorded that at this stage 

• modellers and SME team needed to derive the required business insights and de-
velop a presentation for the executive team;

• executive team needed to develop understanding of the business insights and high-
level understanding of the modelling process and ask any additional questions;

• BI team needed to develop understanding on what was done by the modelling team,
how and why; to achieve this, modelling team needed to conduct knowledge trans-
fer to the BI team.

The key business insights reflected in the presentation included the following infor-
mation: 

• The important predictors of claim duration were found to be injury nature and loca-
tion; claimant age, occupation, industry; lag between injury and its report; claimant’s
previous history with the insurer and service provider identity and specialty.  The
ranking of these factors was provided as well. Enriching the data with provider in-
formation significantly improved predictive outcome;

• Derived business rules that would identify claims that have high risk of long duration
were intuitive and easy to use.

Project Stage 7. Documentation and Deployment (3.2.7). The key stakeholders in-
volved in this step were the IT team, BI team and modelling teams. 

The comprehensibility matrix recorded that at this stage 

• modellers needed to document the relevant aspects of the solution and produce the
technical report including the model code and a manual for the end users;

• IT team needed to develop understanding of the business rules and deploy them in
the organisational data;

• BI team needed to familiarise themselves with the technical report, identify and and
bridge any knowledge gaps with the help of the modelling team.

The relevant documentation was created and the IT team successfully deployed the so-
lution. 

4 Conclusion 

This article contributes to addressing the problem for providing companies with capa-
bilities to explain algorithmic decision making. It has introduced a definition of com-
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prehensibility of an end-to-end business solution that directly informs business 
deci-sions and processes based on the use of machine learning tools and techniques 
as the ability of the key stakeholders of an ML project to understand the required 
relevant aspects of the ML solution. We suggested a definition of the necessary level 
of com-prehensibility of a business ML solution as the level of comprehensibility 
that is re-quired to achieve the project goals. This level needs to be established and 
documented at the initiation stage of the project as part of requirement collection. 
Finally, we pre-sented the methodology of achieving the necessary level of 
comprehensibility of a ML solution. The methodology is based on our extensive 
experience in delivery of business ML solutions across industries. It  adds value to 
the organisation by establishing shared understanding across all key stakeholders of 
what the solution needs to do and who needs do what to ensure the required level of 
performance; allows to build trust of the stakeholders in the solution outputs; helps 
getting buy-in from all relevant parts of or-ganisation and allows the end users to 
easily interpret the solution results, confidently make successful evidence-based 
business decisions and if needed, explain these deci-sions to any external party, for 
example industry regulator. 

We have successfully applied it in commercial projects across a variety of 
industries including banking, insurance,  utilities, retail, FMCG, government, high 
education, public health, transport, to name some areas, for ML solutions used for 
marketing cam-paign improvement, sales volume increase, credit risk, fraud 
detection, student attrition minimisation, image classification, road safety 
improvement, facility management, as-set management, designing interventions to 
improve early childhood development lev-els, social media analysis, workers 
compensation claim management and others.  

It effortlessly accommodates the diversity of industry specifics as well as variety 
of organisational goals, machine learning techniques and data types. Of course, the 
nec-essary comprehensibility level of a solution as well as entries into the 
comprehensibility matrix will differ depending on the project goal, the industry and 
the data nature. 

For example, in a recent project we needed to classify outdoor asset images to 
iden-tify those with specific external damage. The business goals required accuracy 
of clas-sification of the asset as damaged or not to ensure that the maintenance team 
concen-trates the repair effort on the assets that appeared to be damaged, while the 
logic behind an individual asset image being classified as damaged or not was of little 
importance to the organisation. The comprehensibility matrix reflected this in the 
following way: the predictive potential evaluation stage included SMEs labelling a 
sample of asset images as “damaged” or “not damaged”; and data enrichment stage 
consisted of ensuring that the size of the labelled sample was sufficient to achieve the 
required level of accuracy. At the project stage 5 the model we chose was a “black 
box” classifier (a deep neural net), and the derived business insight was presented as 
the list of assets that were at risk of being damaged and needed immediate attention 
of maintenance team. 

Our approach worked even in a case that was quite unusual from the comprehensi-
bility building point of view. A grocery manufacturer needed to recalibrate their mar-
keting mix model to help improve the allocation of marketing spend and increase 
sales volume. A generalised linear model (GLM) was implemented three years earlier 
by a modeller who since left the company, and the model documentation was 
lost. The model performance declined with time. The organisation wanted to build a 
new GLM-
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based solution that performed similarly to the old one and was easy to understand, 
maintain, deploy and recalibrate.  

Obviously, for this fairly unusual project the comprehensibility matrix was different 
from a typical one. Specifically, at the project initiation stage it was established what 
data source the old solution used, but it was not known what variables and in what form 
were included in the model. So, it was determined that stage 2 only needed to involve 
developing of data understanding by the modelling team (since the data inputs to the 
old model were of excellent quality, well pre-processed and filtered); the stages 3 and 
4 were skipped as only one data source was used by the old model, and at the stage 5 
the choice of model was directly dictated by the requirement of the modelling technique 
to be of the GLM type that the stakeholders were familiar with.  

As shown, this methodology is intuitive, easy to use and is applicable to any industry 
or research ML project. Its versatility, flexibility and common-sense approach that is 
also consistent with best practices of project management allows it to be seamlessly 
applied in any organisational environment. It provides organisations with a reliable, 
pressure-tested across industries tool to successfully establish the necessary level of a 
solution comprehensibility and then  to achieve it in a step-by-step coordinated way. 
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Abstract. In wine production, the applications of Artificial Neural Networks 

have been concentrated in different problems, such as: classification of different 

classes of wines, selection of variables that identify of denominations of origin 

of samples of different rose wines, classification of varieties of wines produced 

in different years by different producers. In this work we studied the 

performance of Artificial Neural Networks to detect the experimental design 

that was used to develop 38 laboratory scale Cabernet Sauvignon wine 

fermentations, 8 of which were normal and the rest problematic. Our main 

result establishes that for different training/testing/validation configurations and 

several sizes of the hidden layer with an average overall prediction rate error 

almost zero, considering a wide range of the parameters. 

Keywords: Laboratory Scale Wine Fermentations, Experimental Design, 

Neural Networks. 

1 Introduction 

Chile is one of the top ten wine-producing countries and among the top five major 

wine-exporting countries, [1]. This success is mostly explained because of the 

excellent quality of the Chilean wine in relation with its price. Usually, in 

winemaking processes, alcoholic fermentations are monitored with standard and easy 

to obtain measurements (density, reduced sugars, total and volatile acidity, pH, 

temperature, etc.) made daily. However, when its normal behavior is affected for 

some stress condition, and the fermentation could be stuck or sluggish, the action of 

the enologist is try to correct the problem in the moment, with the previous 

information. Many times, it can be solved with the employment of traditional 

practices such as inoculations and nutrient additions. In addition, in the last 10 years 

several authors have develop and applied Computational Intelligence Methods in 

order to identify and classify wine fermentation processes solving problems such as 

classify chemometrically different classes wines, classify wines according to the 



denominations of origin, identify the wine’s variety of grapes, harvest year and 

originating winery, etc., see for instance [2-8].  

The authors of this work have applied different methods coming from Multivariate 

Statistics and Computational Intelligence to early detect normal and problematic 

fermentations, see refs. [9-13]. In [9,10] the following statistical methods were 

applied: Principal Component Analysis, Clustering k-means, Linear Discriminant 

Analysis, Multiway Principal Component Analysis, Multiway Partial Least Squares. 

In this case was built by means of laboratory scale wine fermentations a database that 

contains approximately 22000 data which come from 22 normal, sluggish and stuck 

fermentations of Cabernet Sauvignon wine. The main result of [9,10] establishes that 

considering the measurements of sugars, alcohols and density, the statistical methods 

can predict, with low error, normal and problematic fermentations but using data of 

the first 96 hours. This result was improved in [11,12] by applying a multilayer 

perceptron ANN to timely detect the behavior of wine fermentations. It was used the 

same database of [9,10] and the ANN was defined with one input layer with neurons 

corresponding to predictor variables, one or two hidden layer and one output layer 

with two neurons represented the dependent variables: 1: normal fermentations; 0: 

problematic fermentations. The training algorithm was back-propagation with 

gradient descent and the transition function was the sigmoid function. It was 

computed the ANN prediction rates using data of the first 72, 96 and 256 hrs. By 

several computational experiments it was demonstrated, that ANNs can be applied to 

detect problematic wine fermentations at 72 hrs. with good accuracy. A similar 

methodology of [11,12] but with a different prediction method was applied in [13]. In 

this work the SVM method was used considering three different kernels: linear, third 

degree polynomial and radial basis function. For the training and testing phase, it was 

used the same database of [9-12]. The main result of [13] establishes that the SVM 

method with third degree polynomial and radial basis kernels predict correctly 88% 

and 85% respectively. These results were achieved for an 80–20% training/testing 

percentage configuration and a time cutoff of 48 hrs. Therefore, this work improves 

the previous results obtained in [9-13]. 

In this paper we applied the ANN method to detect the conditions under which the 

wine fermentations were developed, i.e., we determine the condition of the wine 

fermentations applying a simple feedforward neural network. The determination of 

these conditions is our first attempt to explain why normal and problematic wine 

fermentations occur from the point of view of ANN. 

2 Neural Networks for the Detection of the Initial Conditions of 

Laboratory Scale Wine Fermentations 

An Artificial Neural Network (ANN) is a well-known Computational Intelligence 

model of a biological neural network, see for instance refs. [14-19]. By the 

application of a supervised or unsupervised learning building method, the ANN have 

shown in numerous cases coming from different applications the capacity to detect 
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complex deterministic relationships between inputs and outputs in problems that 

belongs to the following areas: Pattern Recognition, Clustering, Regression, Fitting, 

etc. In figure 1 is shown the main stages of a supervised learning schema. 

Fig. 1. Main steps of a supervised learning schema of an ANN. 

For the application of the ANN in order to detect the initial conditions of 

laboratory scale fermentations of cabernet sauvignon, it was used the data of the main 

chemical variables of 8 normal fermentations and 30 problematic fermentations (stuck 

and sluggish), with a total amount of 1476 measurements distributed in the following 

way: 

• Density and Brix: 342 data for each chemical variable corresponding to 38

fermentations and 9 measurements every 12 hours, for each fermentation,

corresponding to the first 4 days of the process.

• Fructose, Glucose, Ethanol and Glycerol: 198 data for each chemical variable

corresponding to 22 fermentations and 9 measurements every 12 hours, for each

fermentation, corresponding to the first 4 days of the process.

The initial conditions of the wine fermentations are temperature, YAN adjustment, 

initial sugar concentration (brix), and aeration. In our case, these conditions were 
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coded as +1 for High Level, 0 for Central Level, -1 for Low Level. The exact values 

of these initial conditions are shown in table 1. 

Table 1. Initial condition values of the fermentation processes. 

Fermentation Parameter (IC) High Level +1 Central Level 0 Low Level -1 

Temperature (Co) 32 28 24 

YAN adjustment (mg N/l) 
Time 0: 350 

Exponential phase: 350 

Time 0: 200 

Exponential phase: 350 
Without adjustment 

Sugar concentration (brix) 28 25 22 

Aeration (min) 
Time 0: 15 

Exponential phase: 15 

Time 0: 15 

Exponential phase: 0 
Without aeration 

A program was developed in Matab© using the Neural Network Pattern 

Recognition Toolbox for the computation of the overall prediction rate error (OPRE), 

considering only the measurements of one variable at one time: 

   
1

   

Number of Correct Classifications
OPRE

Number of Total Cases

 = −  
 

 (1) 

The program determines this error considering a simple network architecture with 

only one hidden layer, the mean squared normalized error as performance function, 

and the update of the weights and biases by the Levenberg - Marquardt training 

function optimization. The best OPRE was determined for 5 

training/testing/validation configurations (40%,30%,30%; 50%,25%,25%: 

60%,20%,20%; 70%,15%,15%; 80%,10%,10%) with each set of examples chosen at 

random in a balanced way among all the fermentations; and for each 

training/testing/validation configuration for several hidden layer sizes: from 4 to 20 

neurons. A schema of the Matlab program is the following: 

%Matlab Program 

load data; 

Initializations of matrices that recollect the results of the ANN constructed 

Definitions of the parameters of the ANN: ttv (training/testing/validation), hls (hidden layer 

size) 

Loop for different ttv configurations 

Loop for different hls 

Computing of the ANN for each ttv and hls 

Computing of the outputs of the ANN 

Computing of the OPRE of the ANN 

Computing of the confusion matrix 

end 

end 

Computing of the best ANN with respect to the OPRE 

Plot of the performance function and confusion matrix of the best ANN 

Printing all the results obtained: best ANN, best OPRE, best performance, etc. 
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Using only the first two days of data of the evolution of the main chemical 

variables (density, brix, fructose, glucose, ethanol and glycerol) considering only the 

measurements of each chemical variables at the time, the data of the initial conditions 

(temperature, YAN adjustment, brix, aeration) and the characteristic of each 

fermentation as normal +1, or problematic 0 (to compute the prediction error), we 

obtain the following results with respect to the OPRE, see table 2: 

Table 2. OPRE results obtained for predicting the normal and problematic fermentations. 

Initial Condition Chemical Variable OPRE 

Temperature (Co) Density 0.0000 

YAN adjustment (mg N/l) 0.0313 

Sugar concentration (brix) 0.0313 

Aeration (min) 0.1563 

Temperature (Co) Brix 0.0313 

YAN adjustment (mg N/l) 0.0313 

Sugar concentration (brix) 0.0938 

Aeration (min) 0.1250 

Temperature (Co) Fructose 0.0455 

YAN adjustment (mg N/l) 0.0455 

Sugar concentration (brix) 0.0455 

Aeration (min) 0.0000 

Temperature (Co) Glucose 0.0000 

YAN adjustment (mg N/l) 0.0909 

Sugar concentration (brix) 0.0455 

Aeration (min) 0.0000 

Temperature (Co) Ethanol 0.0000 

YAN adjustment (mg N/l) 0.0000 

Sugar concentration (brix) 0.0000 

Aeration (min) 0.0000 

Temperature (Co) Glycerol 0.0455 

YAN adjustment (mg N/l) 0.0455 

Sugar concentration (brix) 0.0909 

Aeration (min) 0.0455 

From these results, considering the results of the best ANN obtained considering 

several values of the parameters of its architecture, we can affirm that: 
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• The best initial conditions to predict the main causes of normal and problematic

fermentations are temperature, aeration and YAN, considering the measurement of

the evolution of all the chemical variables.

• The best chemical variables that can be used to predict normal and problematic

fermentations are: density, glucose, ethanol and glycerol.

• For obtain excellent results, with respect to the OPRE, they are only needed the

data of the first two days of data of the evolution of the main chemical variables.

In figure 2 is shown an example of a feedforward ANN obtained in this work. 

Fig. 2. Example of a feedforward ANN with 8 neurons in the hidden layer obtained in this 

paper. 
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3 Conclusions 

The performance of feedforward Artificial Neural Networks was applied to detect the 

experimental design of laboratory scale normal and problematic wine fermentations, 

using the data of the typical chemical variables (density, brix, fructose, glucose, 

ethanol and glycerol). This experimental design can be interpreted as the main causes 

that explain the success or failure of a wine fermentation process. A simple Matlab© 

program that use the Neural Network Pattern Recognition Toolbox was developed to 

compute the overall prediction for several values of the main parameters of the ANN: 

training/testing/validation configurations and hidden layer sizes. Our main results 

establish that, first, the best initial conditions to predict the main causes of normal and 

problematic wine fermentations are temperature, aeration and YAN, second, the best 

chemical variables that can be used to predict the evolution of wine fermentations are 

density, glucose, ethanol and glycerol, and third, it is only needed the first two days of 

measurements to obtain excellent results with respect to the overall prediction rate 

error. Finally, the results achieved allow us to affirm that simple feedforward ANNs 

can be used to obtain a second order information about a chemical process, i.e., not 

only if a wine fermentation will evolve as a normal or problematic process, but also 

the causes that produces this behavior. 
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Abstract. Internet of Things is an idea that will eventually lead to the creation 

of a smart world. It is a concept that allows things/objects to talk to each other, 

work in co-ordination with other things to create novel applications, and attain 

common targets. The massive volume of data generated by IoT devices is 

considered of immense value. Hence, extracting hidden correlations and 

insights from this data is highly crucial. Data mining will certainly play a role 

in generating valuable inferences from this humongous volume of data and 

hence, will assist in creating smarter IoT. This paper begins with a brief 

discussion on the knowledge discovery process in IoT. Then, a concise review 

of data mining for IoT is provided. Finally, a number of challenges faced by 

data mining in IoT are discussed. 

Keywords: Internet of Things (IoT), Data Mining, Classification, Clustering, 

Association Rule Mining. 

1   Introduction 

The major characteristics of IoT are interconnectivity, things related services, 

heterogeneity, dynamism in the environment, and enormous scale. These concepts 

more or less allow the progress of the internet of things to “internet of everything”, 

because almost everything can be connected to the internet at anyplace, and from 

anywhere. As IoT penetrates more and more into the various aspects of human life, 

the number of devices that require communication and management increase 

substantially. As such, the ratio of human-generated communication to device 

generated communication will shift more towards the device initiated communication. 

The amount of data generated will be enormous. IoT is striving to make our 

environment an intelligent one that has smart homes, smart transportation, smart 

industries, smart healthcare, smart agriculture, smart grid, etc. by deploying a plethora 

of sensors everywhere. Fig. 1 depicts the various applications of IoT. 



Fig.1. IoT Applications 

The data generated by IoT devices exhibit the following characteristics: 

 Large-scale data: IoT data are characterized by huge volume, as a myriad of

sensors deployed in IoT environments continuously emanate large

magnitude of data, which need to be processed and analyzed within a certain

lapse of time [1, 2, 3].

 Time and space correlation: unlike conventional data, data from IoT has a

position and time stamp for all data points in order to depict the change of

location of an object with time [1, 2, 3].

 Redundancy: The data produced from IoT environments contain highly

redundant information. Hence, to improve the data quality, effective data

pre-processing techniques need to be employed [4, 3].

 Highly noisy: IoT data are subjected to noise during data acquisition and data

transmission as IoT data are generated by highly constrained devices.

Experiments demonstrate that RFID devices only generate 60% to 70%

accurate data [5, 6].

 Weak semantics: Data produced by IoT devices are of weak semantics.

Hence, intricate semantics ought to be extracted from the collection of weak

semantic data so as to assist diverse IoT applications including smart

transportation, smart healthcare, smart factory, etc. [5, 6].

 Massive real-time data: A multitude of sensors deployed in highly dynamic

IoT environments continuously generate huge real-time streaming data [5,

6]. For example, an airplane with an average 12-hour flight-time generates

up to 844TB of real-time streaming data [7].
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 Heterogeneity: Data generated from heterogeneous and distributed sensing

systems in IoT are highly diverse, and may be of structured, unstructured or

semi-structured nature [1, 2, 3, 5, 6].

2   Knowledge Discovery Process in IoT 

Knowledge discovery is a crucial process for revealing effective, novel, valuable, and 

comprehensible patterns in data. The prime objective is to extract valuable knowledge 

from weak semantic data.  The raw data produced by IoT devices may be of 

structured, unstructured or semi-structured nature. Hence, recognizing and extracting 

knowledge from IoT data is an arduous job [8]. Fig. 2 shows an overview of 

knowledge discovery in IoT environments. Knowledge discovery in IoT includes 

following steps: 

 Data Acquisition: It is a process of capturing signals that measure physical

parameters like temperature, pressure, humidity etc.

 Data Integration: In this process, data from diverse sources with different

formats are combined.

 Data pre-processing: Data generated by IoT devices may contain noisy data,

ambiguities, and missing values. Hence it is crucial to deal with such issues

before processing the data. In data pre-processing, noisy data are

smoothened, ambiguities in the data are removed, and missing values are

filled, thus making it suitable for further processing. Moreover, data pre-

processing is indispensable for removing redundancy in the captured sensor

data in order to efficiently utilize the transmission link and reduce energy

wastage.

 Data Mining: It is a vital step in the process of knowledge discovery. It is

used to extract trends, hidden correlations, inferences, and actionable

insights by applying different data analysis algorithms.

 Data Visualization: It is a process of displaying data in a lucid and

comprehensible manner by presenting outcomes in the form of statistical

representations like charts, graphs, etc.

   Fig.2. Knowledge discovery in IoT environments. 
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3   Data Mining for IoT 

As mentioned in the previous section, data mining is a crucial step for extracting the 

valuable information from the data generated by IoT devices. Data mining techniques 

are grouped into the following types:  

3.1 Classification: Classification is one of the most popular and highly employed 

data mining techniques for analyzing IoT data. The data items are classified 

into groups based on supervised learning. Examples of IoT use cases that 

utilized classification as a data mining method include real-time ECG 

monitoring [9], ebola virus outbreak control [10], automatic people counter 

in stores [11], defect detection in machines [12], video surveillance [13], 

real-time condition monitoring of machines [14], etc.  

3.2 Clustering: Clustering is a data mining technique that forms groups of data 

items on the basis of different characteristics. The data items that display 

same features are put in one cluster. Clustering employs an unsupervised 

learning method for creating the clusters. Examples of IoT use cases that 

harnessed clustering include heart disease survival prediction [15], behavior 

visualization of Sybil attacker in IoT [16], wormhole attack detection in IoT 

[17], weather data analysis and sensor fault detection [18], safe driving [19], 

gesture recognition [20], etc. 

3.3 Association Rule Mining: Used in the applications of decision-making and 

market analysis, it includes recognizing the relationships among various 

events, entities or objects to help improve decision making capabilities of 

business and offer a better analysis of the market. Examples of IoT use cases 

that utilized association rule mining include human activity recognition [21], 

extraction of usage patterns of IoT devices [22], etc. 

Table 1 provides a summary of the use cases mentioned in this section. 

Table 1. Data Mining in IoT use cases 

IoT Use Case Data Mining 

Method 

Purpose of data mining References 

Real-time ECG 

monitoring 

Classification To classify ECG data into 

different cardiovascular 

conditions. 

[9] 

Ebola virus outbreak 

control 

Classification To assess the intensity of 

infection in a user based on the 

symptoms. 

[10] 

Automatic people 

counter in stores 

Classification To categorize people into adults 

and children based on their 

height. 

[11] 

Defect detection in 

machines 

Classification To categorize products into 

defected and non-defected 

classes. 

[12] 

Video surveillance Classification To categorize traffic into five 

classes: non-critical traffic, little 

[13] 
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critical traffic, rather critical 

traffic, critical traffic, very 

critical traffic. 

Real-time condition 

monitoring of 

electric machines 

Classification To formulate condition 

monitoring decisions for electric 

machines based on the vibration 

patterns of the shaft. 

[14] 

Heart disease 

survival prediction 

Clustering To categorize data items into 

two clusters based on the 

attribute value similarity. 

[15] 

Behavior 

visualization of Sybil 

attacker in IoT 

Clustering To group compromised 

identities and deploy the sybil 

node for corresponding identities 

without violating the set of 

adjacent nodes. 

[16] 

Wormhole attack 

detection in IoT 

Clustering To divide the nodes into various 

clusters based on their location 

from the root node. 

[17] 

Weather data 

analysis and sensor 

fault detection 

Clustering To categorize the regions with 

different weather data 

characteristics. 

[18] 

Safe driving Clustering To identify accident-prone areas. [19] 

Gesture recognition Clustering To detect the presence of an 

event. 

[20] 

Human activity 

recognition 

Association Rule 

Mining 

To mine frequent patterns. [21] 

Extraction of usage 

patterns of IoT 

devices 

Association Rule 

Mining 

To extract device co usage 

patterns. 

[22] 

4 Challenges 

In case of IoT, data quality means how appropriate the captured data are for 

dispensing smart services to the IoT users [23]. Therefore, high-quality data is 

mandatory for making efficient control decisions in smart IoT environments [24]. 

Nevertheless, several issues like the huge scale of IoT data, intermittent loss of 

connection and resource-constrained nature of sensor devices imperil the quality of 

generated IoT data [25]. Poor data quality affects decision making in IoT 

environments that lead to poor IoT services. Following provides a description of the 

factors that are vital for effective data mining. However, ensuring these factors is 

challenging in IoT environments.  
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 Accuracy: The data collected from across the network of sensor devices in

IoT should correctly reflect what was captured at each device.

 Completeness: Because of the constrained nature of IoT sensors and

intermittent loss of connectivity, IoT data may contain missing and

incomplete values which lead to poor data quality [22]. Hence, ensuring

completeness in IoT data is vital for efficient data mining.

 Timeliness: Timeliness is an important data quality requirement as most of

the IoT applications are time stringent demanding fast analytics [26]. Hence,

the data generated from such applications should be analyzed at the right

time with minimal delay.

 Uniqueness: The closely deployed sensor nodes in IoT tend to capture

similar information which leads to redundancy in IoT data. Redundant data

not only leads to energy wastage but also dissipates the storage space.

Moreover, it also affects the feature extraction process [3]. Hence, removing

redundancy in IoT data and ensuring its uniqueness is crucial for its data

quality.

5 Conclusion 

Data mining is crucial for extracting the valuable information from the data generated 

by IoT devices. This paper briefly discusses three important data mining methods 

namely, classification, clustering, and association rule mining and reviews a number 

of research studies that have applied these data mining methods for extracting 

valuable insights from the IoT data. Moreover, various factors that are vital for 

effective data mining were discussed. These factors include accuracy, completeness, 

timeliness, and uniqueness. However, ensuring accuracy, completeness, timeliness, 

and uniqueness of data is challenging in case of IoT environments. Hence, it is 

concluded that data mining is indispensable for creating smarter IoT, however, 

because of the intricate nature of IoT data, a number of challenges are yet to be 

resolved. 
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Abstract. Network embedding is an important step in many different
computations based on graph data. However, existing approaches are
limited to small or middle size graphs with less than a million edges. In
practice, web or social network graphs are orders of magnitude larger,
thus making most current methods impractical for very large graphs. To
address this problem, we introduce a new distributed-memory parallel
network embedding method based on Apache Spark and GraphX. We
demonstrate the scalability of our method as well as its ability to generate
meaningful embeddings for vertex classification and link prediction on
both real-world and synthetic graphs. To the best of our knowledge,
we are the first to train network embeddings for graphs with billions of
edges.

1 Introduction

Network embedding is an important step in solving many graph problems in-
cluding link prediction, vertex classification, and clustering. Network embedding
aims to learn a low dimensional vector representation for vertices of a graph.
However, existing approaches do not scale to very large graphs with billions of
vertices and edges. One solution is to use distributed memory systems and out-
of-core computation. Among distributed memory systems, frameworks such as
the Apache Spark-based GraphX [1] are of particular interest to us because they
offer a map-reduce-based approach to expressing distributed-memory parallel
algorithms for graph computations.

However, to take advantage of such distributed graph processing frameworks,
we need to design new map-reduce [2] network embedding algorithms. In gen-
eral, following the previous work for learning general network embedding [3–5],
we use the structural properties of a network to train an embedding. A com-
mon assumption underlying existing methods and our new algorithm is that we
expect that the embedding of a vertex is more similar to the embeddings of
its neighbors rather than to the embedding of a random vertex outside of its
neighborhood. We enforce this objective with approximate maximum likelihood
training of the embedding in which the partition function is approximated us-
ing negative samples. This training requires lookup access to the embedding of



Our key contributions include the following.

– A discussion of the limitations of GraphX for implementing existing network
embedding algorithms.

– A new map-reduce-friendly message propagation model for learning vertex-
centric network embeddings, which propagates the gradients instead of the
embedding.

– The use of random graphs to construct negative sampling, which is necessary
for approximate maximum likelihood training.

– A new Graph-X based vertex-centric network embedding (VCNE) algorithm
based on gradient propagation and random graphs that performs well on a
range of real-world problems and synthetic graphs and can be applied to
large-scproblems that cannot be handled by current embedding approaches.

2 Parallel Graph Frameworks

Running traditional graph algorithms over extremely large graphs requires dis-
tributed processing as well as out-of-core computation. Therefore, several paral-
lel graph frameworks such as GraphX [1] or Giraph [6] have been developed on
top of data-parallel systems Apache Spark or Hadoop, respectively. As a result,
they provide graph processing APIs using distributed data processing models
such as map-reduce [2]. In map-reduce, data is converted to key-value pairs and
then partitioned onto nodes. A map-reduce system consists of a set of workers
that are coordinated by a master process. The master process assigns partitions
to workers, and then workers apply a user-defined map function to the key-
value pairs, resulting in intermediate key-value pairs stored on the local disks
of workers. Apache Spark defines the map-reduce model in term of operation
over distributed collection objects called resilient distributed datasets (RDDs).
RDDs [7] are immutable collection of objects that are partitioned across different
Spark nodes in the network.

An RDD is transformed to another RDD using transformation instructions
such as map and filter. Transformations in Spark are lazy, which means that
Spark does not apply transformations immediately. It, instead, constructs a di-
rected acyclic graph (DAG) of data parts and transformations followed by final
steps as actions. Then it executes the formed DAG by sending it as several tasks
to Spark nodes. The actions in Spark reduce RDDs to values. For example, count
computes the number of records in RDDs, so it needs all the transformation to
be applied first, and then it returns the result.
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Because Spark is a data-parallel computation system, GraphX implements
graph operations based on the data-parallel operations available in Spark, such
as join, map, and reduce. GraphX represents graphs using two RDDs, one for
vertices and another for edges.

However, handling graphs in a data-parallel computation system is more
complex than map-reduce operations since the vertices should be processed in
the context of their neighbors. To address that, GraphX introduces edge triplets,
which joins the structure of vertices and edge RDDs. Each triplet carries an edge
attribute and the attributes of vertices that incident with that edge. Therefore,
by grouping the triplets on the id of the source or destination vertex, one can
access the value of all the neighbors of each vertex. Moreover, since the triplets
are distributed, if the neighbors of a vertex are located on different machines,
then Spark workers have to communicate to each other to construct the result.
Therefore, different strategies for distributing graphs over partitions result in sig-
nificant differences in communication and storage overheads. GraphX supports
both edge-cut and vertex-cut graph partitioning strategies.

GraphX also provides a vertex-centric programming model for developing dis-
tributed graph algorithms. Vertex-centric programming models such as Pregel [8]
are widely used for reimplementing sequential algorithms in graph-parallel frame-
works such as Apache Giraph or GraphX. In a vertex-centric programming
model, we develop an algorithm from a vertex point of view, which in general
includes three different steps: gathering messages from its neighboring vertices,
updating its state, and generating messages for its neighbors. The graph-parallel
framework iteratively executes these steps in one super-steps until no vertex pro-
duces any message. GraphX implements all this functionality using map-reduce
operations over edge triplets.

3 Vertex-Centric Network Embedding

The goal of vertex-centric network embedding is to learn a low-dimensional vec-
tor for each vertex in the graph such that the vector representation carries the
structural properties of the graph. Formally, for graph G(V, E) of vertex set V
and edge set E , we want to learn a d-dimensional vector representation ui for
each i ∈ V such that d� |V|.

Many approaches have been introduced to learn a vector representation [3–
5, 9, 10] aiming to encode a vertex’s neighborhood (its structural properties)
into a low-dimensional space. Other properties of vertices, such as attributes,
labels, and relations can also incorporated into the vector representation of the
vertex [11–14].

In general, a graph embedding approach is vertex-centric friendly if the em-
bedding of each vertex is a function of only the embeddings of its neighbors. For
example, LINE-1st [4] computes the embedding using first-order proximity by
optimizing the following objective function:

max
u

∑
(i,j)∈E

wijσ(uT
i uj), (1)
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max
u

∑
i

∑
j∈N(i)

wijσ(uT
i uj), (2)

where N(i) is the set of neighbors of vertex i.
More powerful representation learning methods, such as LINE second-order

proximity, consider the embeddings of neighbors and the embeddings of random
vertices selected among non-neighbor nodes (negative samples), contrasting them
to learn the embedding of each vertex:

max
u

∑
j∈N(i)

wijσ(uT
i uj) +

−1

k

k∑
j /∈N(i)

wijσ(uT
i uj) (3)

Negative samples make sure that the objective function does not find a trivial
solution (e.g., the embedding of all vertices become the same). Negative sampling
simply forces the embeddings of non-neighbor nodes to become different.

In a vertex-centric paradigm, we are required to decompose the algorithm
such that each vertex is responsible for its part of the objective function evalua-
tion, providing all the necessary information, e.g., the current state of its neigh-
bors. In other words, we look at the computation from a vertex point of view. We
can simply view network embedding of Eq. 3 in a vertex-centric paradigm: ”As a
vertex, I want my embedding to be similar to my neighbors’ embeddings, while
it differs from the embeddings of other non-neighbor vertices”. A vertex-centric
network embedding requires the objective function to decompose as partial ob-
jectives computable at individual vertices, but unfortunately the objective of
Eq. 3 does not decompose over vertices.

In a vertex-centric setting for optimizing based on Eq. 3, each vertex needs to
access the embeddings of vertices that are not directly connected to it (negative
sampling). Parallel graph frameworks do not provide efficient lookup of random
vertices that are distributed among different machines. Moreover, each comput-
ing node does not have a lookup dictionary that can be used to locate and ship
the attributes of required vertices, but there are routing tables for vertices based
on the edges that are connecting them, so accessing the neighboring vertices is
efficient (compared to random lookup access).

To benefit from this efficiency, we define a random graph, in which each vertex
is connected to k randomly selected vertices in the graph with a negative weight,
which can be uniformly set to one. We construct a new graph as the union of the
current graph and the random graph. In the new augmented graph, each vertex
has access to the embedding of k randomly chosen vertices. Therefore, we can
rewrite Eq.3 with our augmented graph:

Oi = max
u

∑
j∈A(i)

wijσ(ewuT
i uj), (4)
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where ew is negative one for negative samples and positive one for the actual
neighbors, and A(i) is the set of neighbors of vertex i in the augmented graph.
We can derive Eq. 4 from Eq. 3 by using the symmetry in the sigmoid function:
σ(−x) = −σ(x) and absorbing k in the weights.

The objective function of Eq. 4 decomposes over vertices in the augmented
graph, so it can be computed in a vertex-centric approach unlike the negative
sampling-based approach in the original graph, whose objective function is not
decomposable.

3.1 Vertex-Centric algorithm

A data-parallel vertex-centric graph algorithm typically involves three steps:
sending messages among neighbors (sendMessage), reducing all the messages to
a single vertex to one message (mergeMessage), and executing a vertex related
function given the final reduced message and the current state of the vertex
(vertexProgram).

In order to compute the partial objective Oi on each compute node, a naive
implementation sends the embedding of each neighbor to vertex i as sendMes-
sage, keeps the union of embeddings as the reduceMessage, and optimizes Oi in
the vertexProgram. However, in a map-reduce framework, combining the embed-
ding vectors can result in prohibitively large collections since there is no bound
on the degree of the vertices.

We use a simple trick to avoid the construction of these large collections
by propagating the gradient instead of the embeddings. However, we first have
to make sure that the total gradient of Eq. 4 can be computed by the vertex
programs.

The gradient of Oi can be written as

∇Oi =
∑

j∈A(i)

∇Oi←j , (5)

where

∇Oi←j = ew ∗ uj ∗ σ(ew ∗ uT
i uj)(1− σ(ew ∗ uT

i uj). (6)

Finally we can update the embedding using gradient ascent:

ui = ui + η∇Oi (7)

Using edge triplets, each vertex in the augmented neighborhood A(i) has ac-
cess to data structures needed for computing ∇Oi←j . Therefore, defining ∇Oi←j

as a sendMessage function and sum as the mergeMessage operation, the final re-
duced message for vertex i is Eq. 5. Finally, vertexProgram executes the gradi-
ent update. In this vertex-centric design, the size of the data structures remains
bounded and no large collection would be constructed in the intermediate steps.
Therefore, we can optimize Eq. 4 for very large graphs with large vertex degrees.
Algorithm 1 shows the definition of these functions.
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Algorithm 1 Vertex-Centric Network Embedding

//eji : edge from j to i.
//d: embedding dimension
//msg: (m: |R|d)
//vertex attributes: (u: |R|d)
//mi→j : means the message from i for j
procedure sendMessasge(eij , ui, uj)

mj→i : ∇Oi←j //Eq. 6

procedure MergeMessages(mi→j , mk→j)
mi→j + mk→j //Eq. 5

procedure vertexProgram(u, m)
u← u+ ηm // Eq.7

4 Experiments

We compare our network embedding algorithm, VCNE, with LINE [4] and
Node2vec [5] on mid-size datasets to show the capability of VCNE to learn
meaningful representation. Then, we apply VCNE to very large graphs for the
task of link prediction. Table 1 reports the characteristics of the graphs used in
our experiments.

Table 1. The number of vertices and edges of the real-world graphs in our test suite.

Name Num. of Vertices Num. of Edges

Friendster 68,349,466 2,586,147,869
Twitter-MPI 52,579,682 1,963,263,821
Twitter 41,637,597 1,453,833,084
LiveJournal 5,193,874 48,682,718
Reddit 232,965 11,606,919
PPI 56,944 793,632

4.1 Vertex Classification

The vertex classification goal is to classify each vertex into different groups,
which includes both multi-class and multi-label classification.

We use two datasets of protein-protein interaction (PPI) and Reddit posts. In
PPI, the goal is to assign a set of activated protein functions to each vertex, which
are represented using positional gene sets, motif gene sets, and immunological
signatures [9]. The total possible protein functions are 121 and the vertex feature
set size is 50.

Reddit is an online discussion forum in which people publish posts and com-
ment on others’ posts. In the Reddit graph, the vertices are the posts and two
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vertices are adjacent if a user comments on the posts corresponding to the ver-
tices [9]. The node features include the average word embedding of the title, all
comments of the post and the score of the post as well as the number of com-
ments on the posts. The total number of features is 602, and the goal is to assign
each vertex to one of 41 communities. For both PPI and Reddit, we used the
same set of train/val/test as provided by [9]. Table 1 shows the characteristics
of these two graphs.

We first generate vertex embedding using LINE, Node2Vec, and VCEmb,
and then concatenate the vertex embedding to the vertex features, and use it as
input to a logistic regression classifier to predict labels. As a baseline, we also
train logistic regression using only the vertex features. Although more complex
classifiers such as multi-layer perceptron would be possible and may result in
higher accuracy, we use simple logistic regression to better isolate the impact of
vertex embedding.

We used an embedding dimension of 100 for all algorithms.

Table 2. F1 score of vertex classification tasks using different embedding algorithms.

PPI Reddit

Vertex features 43.3 51.2
LINE 53.08 63.9
Node2vec 49.8 65.4
VCNE 51.4 66.2

Table 2 shows the performance VCNE, LINE, Node2Vec, and raw vertex
features in terms of F1 score. For all embedding algorithm, using embedding
in addition to vertex features helps, so we can conclude that the embedding is
meaningful and encodes structural properties of the graph. For Reddit, VCNE
is more accurate than LINE and Node2Vec, but for PPI, it only better than
Node2vec. We also show the learned embedding by VCNE using t-SNE [15] in
Figure 1. VCNE can capture clear clusters in the graph.

4.2 Link Prediction

Link prediction is an import graph analytic problem, in which we wish to predict
the potential edges in the network. This problem is of particular interest for social
network friend suggestion or predicting the evolution of graphs in the future.

We constructed a synthetic link prediction dataset, for which we dropped
one percent of the current edges of the graph and kept the dropped edges as
the test set combined with another set of vertex pairs as the true negative.
The size of our negative set is equal to the size of the dropped set making sure
that we have balanced test set. The remaining edges of the graph constitute
the core graph, which the network embedding algorithms have been trained on.
We emphasize that the training algorithms have not seen the dropped edges.
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Fig. 1. The embedding of the Reddit graph generated by VCNE.

We report the performance of link prediction using the embedding generated by
VCNE in Table 3.

Table 3. The performance of link prediction using VCNE.

Precision Recall F1

Friendster 69.3 98.0 81.2
Twitter MPI 67.8 94.7 79.0
Twitter 72.4 93.9 81.7
LiverJournal 67.3 81.7 73.8

Because the existing embedding algorithms cannot scale to our very large

graphs, we try to use Jacard index to predict an edge: J(u, v) = N(u)∩N(v)
N(u)∪N(v) , where

N(u) is the set of neighbors of vertex u. Computing the Jacard index requires
constructing triplets whose vertex attributes are sets of neighbor IDs, and for
very large social networks, this results in prohibitively large messages given the
power-law degree distribution of social networks. Nevertheless, we could compute
the Jacard index for LiveJournal graphs, but not for the other larger graphs. For
LiveJournal, using the Jacard index results in 99.2% precision, 71.1% recall, and
F1 score of 83.1%. We should also mention that for link prediction using VCNE,
we just use pure embedding and the sigmoid function to classify the edges.
However, one can train a classifier given the embedding of the vertices on both
sides of an edge, which would result in a much more accurate prediction.
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4.3 Scalability

To measure the scalability of VCNE over Apache Spark, we run VCE for Friend-
ster, Twitter MPI, Twitter, and LiveJournal with different numbers of Spark
workers: 10, 20, 30, and 40. Each worker has access to 20 cores and 75GB of
memory (for a total number of cores ranging between 200 and 800 and memory
ranging from 750GB to 3TB). The University of Oregon Talapas cluster where
we peformed the experiments consists of dual Intel Xeon E5-2690v4 nodes con-
nected with an EDR InfiniBand network.

Figure 2 reports the average runtime for one learning iteration, which includes
generating the random graph, combining the random graph with the original
graph, and updating the embedding using Algorithm 1. We observe that the
overhead of using data-parallel systems such as Apache Spark for processing
mid-size graphs such LiveJournal is considerable, but increasing the number of
workers significantly helps the processing of larger graphs such as Twitter-MPI
and Friendster.

Fig. 2. Average runtime for one training step of VCE with 10 to 40 Spark workers.

4.4 Implementation Details

Working with iterative algorithm over very large graphs may result in replicat-
ing large collections such as EdgeRDDs in the memory. It is very important to
unpersist the collection from memory in order to avoid exceeding the available
memory capacity. For example, in the pipeline operations such graph construc-
tion followed by groupEdge, Apache Spark materializes the first graph and we
lose the pointer to it as it is followed by map operation. It is necessary to observe
the storage memory profile provided by Apache Spark as a part of its Web UI
to make sure that no large collections are left behind in an iteration.

Moreover, operations such as aggregateMessage, which is used for message
passing over graphs requires significant amount of data shuffling for shipping
vertex attributes (embeddings) among workers. This results in a large amount
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Leveraging Multiple Online Sources for Accurate Income 
Verification 
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Abstract. Income verification is the problem of validating a person’s stated 
income given basic identity information such as name, location, job title and 
employer. It is widely used in the context of mortgage lending, rental 
applications and other financial risk models. However, the current processes 
surrounding verification involve significant human effort and document 
gathering which can be both time-consuming and expensive. In this paper, we 
propose a novel model for verifying an individual’s income given very limited 
identity information typically available in loan applications. Our model is a 
combination of a deep neural network and hand-engineered features. The hand-
engineered features are based upon matching the input information against 
income records extracted automatically from various publicly available online 
sources (e.g. payscale.com, H-1B filings, government employee salaries). We 
conduct experiments on two data sets, one simulated from H-1B records and the 
other from a real-world data set of peer-to-peer (P2P) loan applications obtained 
from one of the world’s largest P2P lending platform. Our results show a 
significant reduction in error of 3-6% relative to several strong baselines. We 
also perform ablation studies to demonstrate that a combined model is indeed 
necessary to achieve state-of-the-art performance on this task.  

Keywords: Knowledge Acquisition, Web Data Mining, Financial Applications. 

1. Introduction

In this paper, we address the problem of income verification: given a person’s basic 
identity attributes (e.g. name, date of birth), current employment information (e.g. job 
title, company, location), and stated income we attempt to accurately validate the 
income of the given individual within a certain threshold. We define income as sum of 
earnings such as base salary and bonus in a year. We do not include rent, stocks, 
interest payments, dividend payments and other forms of income in our modeling. We 
would like to note that we use identity attributes such as name only to look up 
relevant income records via database queries or web searches. We do not use names 
for modeling to avoid .  

One of the foremost use-cases of income verification is to identify creditworthy and 
fraudulent users during loan applications. Several recent pay-day loan and peerto-peer 
loan companies provide instant/pre-approved loans, powered by models behind the 
scenes that can accurately assess the risk involved with an application. An 
individual’s validated income is an important feature in these risk models. Banks and 
lending institutions need to make these checks in a cost-effective and time-efficient 
manner. Currently applicants need to provide documents which have to be manually 
verified which can be both time-consuming and expensive. We present an approach 
that can algorithmically validate the input information quickly and accurately.  

The main component of an income verification system is income prediction from a 
given input identity. We leverage the power of publicly available data sources on the 
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web to solve the prediction problem. Obviously, using the public web comes with the 
following challenges:  

• Search, Extract, and Match: We need to build queries from input to get a
candidate set of web documents and database records that contain income
information. We then have to extract data from structured and unstructured sources
and filter the sources to keep only those which have the closest match to the input
identity.

• Partial and ambiguous information in the input and the Web: An example of
this is acronyms and alternate names of companies. For example, “United States
Postal Service” can be represented as “USPS”, “U.S.P.S”, “US Postal Service” etc.
We need to be able to identify that these are all the same entity.

• Erroneous data on the Web: Not all sources on the web are accurate. Some web
sources misrepresent salary information or are out dated.

We have built a robust system that addresses all the aforementioned issues. First,
our algorithm leverages search engines to surface salary content on tail entities; the 
surfaced content includes domains such as payscale.com, salary.com, H1-B data, etc. 
We have also crawled a large number of public government databases and indexed the 
available information in a structured format so that they can be searched directly. 
Each of these domains pose a different extraction challenge. For example, in some 
cases we need to extract content from unstructured text, whereas in other cases we can 
directly use wrappers based on XPath expressions tailored to specific websites.  

Second, to address the issue of partial information (either in the input or on the 
Web), we often “expand” the scope of our identity: for example, we infer the industry 
from the company, the experience/level from job title and date of birth if present, and 
then generalize our search to the given position and industry.  

Finally, to address the issue of possibly incorrect information on the Web, we build 
a model that aggregates salary ranges across several domains, and then computes one 
unified range by factoring in (a) frequencies of occurrence, (b) trustworthiness of 
sources, and (c) strength of identity match between the input and a source. For 
example, if multiple sources indicate that the median salary of a software engineer in 
San Francisco is around $100,000, but one source indicates the median salary is 
$50,000, the algorithm would center the range around $100,000.  

Table 1. Example Input 

We have made the following assumptions in our work:  
• Employment information is available and correct.

Attribute Example

Name Barack H Obama

Address Washington DC

Date of Birth August 4, 1961

Employer United States Government

Position President

Stated Income $400,000
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• Identity information is available and correct.
• Verified income provided by the client does not include rent, interest

payment, dividends, debts etc.
We introduce the model and delve into each component in detail in Section 2. We 

discuss the experiments used to validate our model in Section 3. We cover the 
previous literature in income modeling in Section 4 and conclude the paper in Section 
5.  

2. Method

In this section, we first describe the input provided for income verification (Section 
2.1) and outline our overall approach to tackling it (Section 2.2). Then in Section 2.4 
we delve into the system design and describe the individual system components at a 
high-level. Sections 2.3 and 2.5 lay out the crux of this paper by describing the 
systems utilizing online sources and input data respectively in detail.  

2.1. Input Description  

Table 1 gives an example input to our system. Each row in the input has personally 
identifiable information (e.g. name, address, dob), employment information (e.g. 
employer, job title) and the individual’s stated income. Our goal in this paper is to 
verify that the stated income is accurate. There are two things to note about the input 
information here.  

• Firstly, some of the information may be missing or incomplete. For example,
the second row in the table has an incomplete address. However, we are always
provided with the employment and income information although in some cases
this information may be noisy or incomplete. In this paper, we focus on the
problem of verifying the income assuming that the employment information is
correct. In practice, we have observed that a very small percentage (i.e. roughly
1%) of people provide incorrect employment details but nearly 25% state a
significantly higher income than their actual verifiable income.

• Secondly, we do not use sensitive information such as social security
number, email, phone and the experience level for verifying income. This
makes our approach broadly applicable since it can be applied in scenarios
where the users are averse to giving out such private information. Of course,
this information could help improve our models and in the future we would like
to explore the possibility of using private information and even previous
employment information to improve our models.
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Fig. 1. Flowchart for internal model 

2.2. Overall Approach  

As described in the previous section, we want to determine whether the stated income 
is accurate for a user with the given identity and employment details. We cast the 
problem as a regression problem and use both the input data (e.g. employer, position, 
location) and online sources (e.g. payscale.com, Government databases) to predict the 
true income. Our model processes input and external data separately and combines 
the result. Initially, we built an internal model using only the input data. Figure 1 
shows the model architecture for the processing of input data. Then we experimented 
with online sources and saw that it significantly improved model performance. Figure 
2 shows the system architecture to utilize external data. It consists of several parts 
including, the input canonicalizer, a query generator for web and database records, 
data extractor, employment matcher, and feature extractor. The combined model is 
presented in Figure 3. We describe the individual components in the following 
sections.  
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Fig. 2. Flowchart for external model 

!

Fig. 3. Flowchart for combined model 
2.3. Internal Model  

For the internal model we create the word embeddings trained on the job title and 
employer using word2vec model (Mikolov et al. 2013). The job title and the employer 
embeddings were further trained separately using publicly available position and user 
stated income data and publicly available employer and user stated income data. The 
original word embeddings were used as the embedding layer of a neural network 
which consisted of a LSTM layer, a dropout layer and a dense layer. LSTM recurrent 
neural networks are useful for sequential modeling tasks. LSTM units were developed 
by (Hochreiter and Schmidhuber 1997) to overcome gradient vanishing problem. 
They introduced the adaptive gating mechanism which decides the degree to which 
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LSTM units keep the previous state and memorize the extracted features of the 
current data input.  

We currently assume that user’s location plays a role in determining the outcome. 
Currently we only incorporate information at the state-level by modeling user’s state 
as a categorical variable. We use a one-hot encoding of the state as an indicator of 
user’s location. In the future, we want to encode much finer-grained location 
information based on metropolitan statistical areas (MSAs) since they are widely used 
by Bureau of Labor Statistics.  

The embedding dimensions were 300 each for employer and job title while the 
state encoding had a dimension of 50. This 650 dimension vector formed the input to 
a feed forward neural network. The network consisted of one hidden layer of size 200. 
We model the problem as a regression problem and our target is the income given by 
the input vector. We use Mean Absolute Error as the loss and otpimize the network 
parameters using gradient descent. We were able to get reasonable estimates of the 
income using the internal model. However, this did not use the wide range of sources 
available in the web.  

2.4. External Sources Overview  

Recently, there has been a growing number of online sources collecting and 
disseminating income information (e.g. payscale.com, salary.com). The main reason 
for this push has been the need for pay transparency and accountability from both 
private and public institutions. In some cases such as government sources point 
estimates of the salary and bonus are available (see Table 2). Other sources collect 
compensation details from individuals willing to report such information and expose 
only anonymized ranges for individual income components (see Table 3).  

In this paper, we describe a system to exploit such resources in order to improve 
income verification.  

2.5. External Model  

The main components of the External Model are:  
• Canonicalizer: In a large number of cases we find different representations

of the same employer, job title. There were also spelling errors in the user input.
Hence, the first step was to normalize the input. Some examples of noisy input
and their normalized form is in Table 4. The transformation was performed
using a lookup table. The table was manually created and consisted of the most
common examples found in the dataset. In the future, we plan to explore better
string and similarity models.

• Web Query Generator: Our main source of income records is from the web.
We use targeted web queries as show in Table 5 to get the records of interest.
E.g. if we want salaries for software engineers in XYZ company, the query
would be ‘XYZ Company Software Engineer Salary’. While there would be
records available for large companies, for the long tail of companies we would
rely on generic queries such as ‘Software Engineer Salary’.

• Record Matcher: In this step, we extract the identities from the candidate
records generated from database income records and search engines. We then
choose the five best matches. The extraction system depends on the type of
record. For records from structured sources such as Feds Data Center and
Payscale, the identities were extracted using xml paths. For unstructured
sources such as web snippets and text, we used pattern-based information
extraction to extract the identity.
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From the source identity and input identity we create features such as name match, 
address match, employment match, and industry match. To compute the name 
match score we use the normalized edit distance between the names of the input and 
the source. We also add a penalty for middle name dissimilarities (E.g. James Ryan 
Smith is not equal to James S Smith). We compute the address match by 
considering string similarity metrics for city, street match, and county, and exact 
matches for zipcode and country. We bucketed the matches into different 
confidence levels based on different points on the precision-recall curve. To 
compute the employment match we consider the cosine distance between the 
employer strings and the position strings.  

We used a decision tree to match record pairs. In order to train our record matcher 
we annotated thousand input and source identity pairs. We then used different 
thresholds to bucket the model scores and assigned a confidence value to each 
bucket. E.g. A score of above 0.8 is a high match.  
• Feature Extractor: We rank the sources according the match score and select

the top 5 sources. We extract the base salary median, base salary low, base
salary high, total compensation median, total compensation low and total
compensation high for each of these sources. The total compensation consists
of bonus, stock awards and profit sharing. In many cases only a subset of the
salary attributes existed. We aggregated the employments by industry and found
the industry wide ratio of each salary value to the other values. In cases of
missing values, we filled it by multiplying the known salary attribute with the
industry wide ratio. If none of the attributed existed, we discarded the source.
We then used ratio of the attribute and the stated income as a feature. Each
source generated 6 features. We also added the match score to the feature set.
For each user, we had an feature dimension of 35.

• Model: We used the features from above and stacked them with the income
pre- 

diction from the input model and passed it to the gradient boosted decision tree as 
the final model.  

3. Experiments

3.1. Datasets  

We evaluated our model on two income datasets. The statistics of the dataset are 
provided in Table 6.  
Client Dataset This dataset was obtained from one of the largest peer-to-peer lending 
companies. The input information includes names, home address, date of birth, 
employer name and job title. The client manually verified the salary information using 
the following methods:  

• Requiring the loan applicants to submit documents such as paystubs, W-2
forms, or other tax records that verify the income stated in their loan request.

• Electronically checking their income data through a third party provider.
• Verifying the income with employer.

H1-B Dataset This dataset was obtained from the United States Department of Labor 
website[10] . The input information includes employer name, job title and address. 
The Department of Labor has been disclosing information about the H1- B visa class 
from 2008. This dataset was created from disclosure data as of 2016 and is only used 
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to show the income prediction results since it does not contain a stated income as 
input.  

Table 2. Example of Government source with fake names 

Table 3. Example of information found online for software engineers of a random company 

Table 4. Canonicalization examples 

3.2. Baselines  

We compare our model with several methods such as neural networks and gradient 
boosted trees (GBT) with both input and external sources with different types of 
preprocessing. The model architectures and hyperparameters are the chosen based on 
the minimization of cross-validation error.  

Bag of Words (BOW) with Gradient Boosted Trees. The top 200 words based on 
frequency are each selected from job title and employer name and the word counts are 
used as a feature. The city and state state are treated as categorical variables. The total 
input dimension is 402.  

The model is a gradient boosted tree with a linear regression objective, a max depth 
of 5, and an initial learning rate of 0.01.  

Mean Word Vectors with Feed-forward network. The mean 300 dimension 
word2vec vectors (Mikolov et al. 2013) for job title and employer name trained on the 
input data are used as the feature set. The feature state is used as a one-hot encoded 
vector. The total input dimension is 650.  

Name Salary Bonus Agency Location Occupation Year

James 
Bond

$73,482 $0

Department 
of 
Homeland 
Security

SELLS Medical 
Technologist

2016

Harry 
Potter $84,443 $10000

Department 
of 
Agriculture

AMES
General 
Engineering 2016

Mean Min Max

Base Salary 150,000 90,000 234,000

Total Compensation 265,000 90,000 1,000,000

Cash Bonus 38,000 10,000 500,000

Stocks 100,000 10,000 800,000

Input Mean

U.S.P.S, U.S. Postal Service United States Postal Service

GE, G.E General Electric

Acc. Manager Account Manager

Sr. Manager, Snr. Manager Senior Manager
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The model is a feed-forward network with two hidden layers of size 300 and 100 
respectively.  

Mean Word Vectors trained on external data with Feedforward network. The 
word2vec vectors are trained on the input data and external data from Lending Club’s 
loan application dataset [11] . The data contains around 850,000 examples of job titles 
and 42,000 examples of employer names. This will generalize the word vectors on a 
larger dataset. The feature state is used as a one-hot encoded vector. The total input 
dimension is 650.  

The model is a feed-forward network with two hidden layers of size 300 and 100 
respectively.  

Tuned Mean Word Vectors trained on external data with Feed-forward network. 
The word vectors are trained on the input and external data as in the previous model. 
The job title vectors are further trained by using it as an embedding in a deep neural 
network model predicting the user income in the Lending Club’s loan application 
dataset mentioned above. The model has an embedding layer, a LSTM layer (128 
dimensions), a dropout layer (rate of 0.5), and a hidden layer (200 dimensions). The 
model is trained on 520,000 examples and validated on 58,000 examples. The 
employer name vectors are trained in the same way as the previous model. The mean 
employer name, job title word vectors and the one-hot encoded state feature form an 
input dimension of 650.  

The model is a feed-forward network with a hidden layer of size 200.  

External data with Gradient Boosted Trees. The 5 best external sources with their 
salary low, median, high, and total compensation low, median, high are taken along 
with their match scores. The input dimension is 35.  

The model is a gradient boosted tree with a linear regression objective, a max depth 
of 5, and an initial learning rate of 0.003.  

3.3. Results  

The experimental results on the datasets for the task of income prediction are 
presented in Table-7. The three metrics which we evaluate our model on are Cross 
Validation Mean Absolute Error (CV MAE), Test Set Mean Absolute Error (Test Set 
MAE) and the Test Set Mean Relative Error (Test Set MRE). The results show that 
the combined model performs the best on all metrics on both datasets with the 
exception of the MRE of the Client dataset. It outperforms the next best model by 
2.8% on the Client dataset and 6% on the H1-B dataset.  

From Table 7 we also observe that the performance of the model using only 
external data falls in the H1-B dataset where it is the fourth best model as compared 
to being the second best model in the client dataset. We hypothesize this is due to the 
lack of names and phone numbers in the input identity. This results in poor matches 
with database records. Despite this it is able to outperform the baseline model by 
7.5%.  

We also show the results of various models for the task of income verification in 
Table 8. This experiment was only performed on the Client dataset. Similar to the 
income prediction results, the combined model performs the best on this task as well.  

Table 5. Example of search engine queries 

Query Template Example
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Table 6. Dataset Statistics 

3.4. Ablation studies  

We perform a number of experiments to study the impact of the number of sources, 
and the importance of each feature in the internal and external models. Our first 
experiment was to observe the variation in Test Set MAE with the number of web 
sources used as a feature. Figure 4 presents the graph of how the Test Set MAE varies 
with the number of sources. The data for the graph is presented in Table 9. The mean 
absolute error decreases while we increase the number of sources and then stabilizes 
after four sources. This makes intuitive sense because we expect the improvement 
from adding more sources to reduce after a certain threshold.  

The second experiment we performed was to identify the importance of each 
feature in the input identity. This was evaluated by running the BOW + GBT model 
by removing one feature at a time. The results are shown in Table 10. We observe that 
removing the job title feature leads to the maximum increase in the Test Set MAE. 
One surprising result here is that removing the Employer Name does not degrade the 
model’s performance significantly.  

The third experiment we performed was to identify the impact of the different 
features which we extract from web and database records. The different features 
include low, median, high salary and total compensation. We remove each feature 
group (i.e. one of low, median and high) and retrain the External model. The results 
are presented in Table 11. We notice that removing the median leads to the maximum 
degradation in performance while there is no significant change on removing low and 
high. We hypothesize this is because most people earn close to the median and the 
median feature has the largest coverage in our dataset.  

<Employer> <Job Title> Salary
XYZ Company Software Engineer 
Salary

<Job Title> Salary Software Engineer Salary

<Industry> <Job Title> Salary Travel Software Engineer Salary

Dataset Size Mean Stddev Skew

Client Train 3108 77571.760 57979.323 5.694

Client Test 1037 78930.494 52488.707 3.576

H1-B Train 7500 91411.177 46969.135 1.878

H1-B Test 2500 90648.067 44355.742 1.407
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!
Fig. 3. Graph of the Test Set MAE vs. number of sources 

4. Related Work

(Kohavi 1996) used a hybrid of Naive Bayes and Decision Tree to predict whether a 
person makes over $50K a year in the Census Income dataset. The census dataset 
consists of categorical variables like education (e.g. Bachelors, Some-college, High 
school graduate), relationship (e.g. Wife, Own-child, Husband, Not-in-family) and 
continuous values like hours-per-week, age, capital gains. This dataset was collected 
from the 1994 Census. (Lazar 2004) applied Support Vector Machines on the same 
dataset to achieve superior results. However, in many cases banks and lending 
companies do not have access to all these features and need to build alternate 
approaches to model an individual’s income.  

Some of the recent work in predicting salaries has been motivated by the Kaggle’s 
Adzuna Job Salary Prediction competition. The dataset provides 240,000 UK job 
postings each of which consist of title, job description, location, contract details, 
company as features. The goal of this competition is to model income based on the 
details available in the posting. There are no details about the individual’s identity. 
(Li, Liu, and Zhou 2013) compared models such as Support Vector Regression, Linear 
Regression, K Nearest Neighbors Regression and Random Forest Regression and 
concluded that Random Forest works the best. (Jackman and Reid 2013) modeled the 
unstructured text fields as unigram bag of words and compared methods such as 
Maximum Likelihood, Dropout Neural Network and Random Forest. They reached 
the same conclusion that Random Forests outperform the other models.  

(Preotiuc-Pietro et al. 2015) conducted a study to predict the income of social 
media users from their online behavior. They used profile features, psycho-
demographic features, inferred emotion features, and text features. They discovered 
that emotional content, gender, race and education level have correlation with income. 
They were also able to highlight topics that distinguish users by income, such as 
politics, technology topics and swear words.  

(Kibekbaev and Duman 2016) predict incomes of bank customers. Their work 
benchmarks various regression algorithms on five datasets provided by Turkish 
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banks. However, the paper does not mention the features used and hence, it is difficult 
to compare their results against ours.  

Recently, (Chen et al. 2018) proposed an approach to infer salary insights in the 
LinkedIn graph when there are limited or no user-reported salaries available for a 
given company. Their approach learns an embedding vector for each company based 
on employees transitioning between different companies and then applies a Bayesian 
statistical model to infer salary ranges based on similar companies in the embedding 
space. Our approach can definitely leverage some of the techniques used in this paper. 
However, a key advantage of our approach is that we are able to make accurate 
predictions without having access to the large amount of information within the 
LinkedIn graph.  
Table 7. Experiment results of various models for the income prediction task (BOW = Bag of 

Words, GBT = Gradient Boosted Trees, WV = Word vectors, NN = Feed-forward neural 
network)  

Table 8. Results of various models for the income verification task on the Client dataset 

Model Client Dataset H1-B dataset

CV MAE Test Set 
MAE

Test Set 
MRE

CV MAE Test Set 
MAE

Test Set 
MRE

BOW + 
GBT

31222.99
0 30126.355 0.425 23848.233 22611.401 0.251

Mean WV 
+ 
NN

31536.85
2 30492.682 0.407 22812.092 21718.642 0.248

External 
Mean WV 
+ 
NN

29834.14
0 28606.042 0.378 20055.863 18744.684 0.216

Tuned 
Mean WV 
+ 
NN

30021.12
9 27917.228 0.361 19961.718 18591.964 0.212

External 
data + GBT

28402.79
0 26858.992 0.389 22639.001 20911.111 0.254

Combined + 
27710.378 

GBT
26100.232 0.375 19000.542 17466.239 0.207

Model Precision Recall F1 score

BOW + GBT 0.8196 0.6218 0.7072

Mean WV + NN 0.8328 0.5945 0.6938

External Mean WV 
+ NN 0.8420 0.5833 0.6892

Tuned Mean WV + 
NN 0.8490 0.5945 0.6993

External data + 
GBT 0.8230 0.6766 0.7427
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Table 9. Results of external data model by the number of sources 

Table 10. Results of BOW + GBT by removing one feature at a time 

Table 11. Results of External model by removing one feature group at a time 

5. Conclusions

In this paper, we introduce the problem of income verification and propose a model 
which used internal features such as position, employer, location along with external 
features such as salary information in web documents and government database 
records. Our experiments showed that the combined model performed better than all 
the other models. We found that job title is the most important input feature and salary 
median is the most important external feature. We also found that the model MAE 
depends on the number of external sources used.  
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Abstract. Artificial Intelligence (AI) is evolving rapidly and one of the areas 
which this field has influenced is automation. The automobile, healthcare, edu-
cation and robotic industries deploy AI technologies constantly and the automa-
tion of tasks is beneficial to allow time for knowledge-based tasks and also in-
troducing convenience to everyday human endeavors. The paper reviews the 
challenges faced with the current implementations of autonomous self-driving 
cars by exploring the machine learning, robotics and artificial intelligence tech-
niques employed for the development of this innovation. The controversy sur-
rounding the development and deployment of autonomous machines e.g., vehi-
cles begs the need for the exploration of the configuration of the programming 
modules. This paper seeks to add to the body of knowledge of research assisting 
researchers in decreasing the inconsistencies in current programming-modules. 

Keywords: Artificial Intelligence; Automation; Big Data; Self-driving Cars; 
Machine Learning; Neural Networking Algorithm 

1 Introduction First 

The Cloud Computing and Data Science platform, robotics environment and AI are 
developing rapidly, and it brings its advantages to everyday activities. However, 
many uncovered gaps are found in the industry (Yang, & Coughlin, 2014). The cur-
rent challenges faced by the current implementations of the self-driving cars are relat-
ed to safety, security, privacy, performance, user’s experience, reliability and eco-
nomic value and a one-to-many relationship between the attribute and its properties. 
Also, the challenges in the implementations of controllers, deficiency, malfunctions, 
and inconsistencies that occur during data transmission, and, the threats detected 
while performing the implementations for the self-driving vehicles have been dis-
cussed. This paper addresses the lack of sufficiency in data modeling activities for the 
self-driving cars implemented within the autopilot modes, also discussed are the lazy 
evaluation mechanisms included for the design of multimodal dialogue systems by 
combining input modules to generate next-generation autonomous machines as part of 
Artificial Intelligence and IoT technologies. The paper discusses about the creation of 
patterns related to gesture recognition, speech recognition, dialogue system, and con-



versational knowledge base for enhancing the existing functionality of the autono-
mous system. These technical advancements can be an enhancement to the field of 
robotics, healthcare, education system, security access control systems, advertising, 
driving, aviation, and personal assistance image recognition. The activities associated 
with machine learning, complex planning, decision-making methods, verification and 
guaranteed performance of autonomous driving pipeline have become ever so in-
volved with the presence of the cars in the challenging environments. The approaches 
considered for implementing the module of the cars includes sequential planning, 
behavior-aware planning, end-to-end planning, advanced perception, motion plan-
ning, control. 

Self-driving vehicles which are in the prototypical stage are being put into public 
traffic and soon will be available to put on display and start being sold. Public aware-
ness and media coverage are already in the stages on unfolding the discussions about 
self-driving cars from the perspectives of Waymo developed by Google which are 
developed based on computer simulations and feeds what it learns from those into a 
smaller real-world fleet, autopilot self-driving vehicle developed by Tesla which are 
incorporating huge amounts of data (Uhlemann, 2016). The reports have been pub-
lished about the situations of accidents caused by autonomous vehicles. The pro-
gramming of the software embedded within the Electronic Control Units (ECUs) is 
playing a key role in the modern vehicles as well as the self-driving vehicles. The 
discussion has already been in place to describe 
about the software engineering activities as well as the production and manufacturing 
activities encompassed within the electrical and software architecture of the car. 

The challenge of the current automation construction for self-driving cars lies with-
in handling the integration between technical areas and integrated approach required 
for the autonomous driving related to decision-making and real-time control of the 
driving situation. The components of the models can include creativity, emotional 
knowledge, self-awareness along with the incorporation of the neural networks, fuzzy 
systems, evolutionary computation, and computational models. The current model 
with the help of AI is able to produce intelligent decisions in variable, real-time traffic 
conditions. Also, the simulation-based learning situations along with neural networks 
and artificial intelligence systems are able to address properly to the emergency situa-
tions in real life events. Combination of robotics, automation, AI, machine learning, 
data science and Big Data benefits to the automobile industry and transportation safe-
ty. The advances made in the sensor capabilities of the self-driving cars system was 
able to improve the event-based vision, which was involved with the broad-set of 
visual pattern recognition. 

In contrast to traditional machines, smart machinery is being employed by the sys-
tem to handle the behavior, operations, circumstances, and feedback of the autono-
mous machines. Taking into consideration, the devices handling wireless sensors as 
well as universal connectivity enables the flow of data to be monitored while being 
sent to the autonomous machines; onboarding processors can handle the operations on 
the data as well as provide appropriate responses and as such it is required for new 
software architecture to be developed. The capacities of this model can include crea-
tivity, emotional knowledge, self-awareness incorporating the technologies from 

138



computational intelligence related to neural networks, fuzzy systems, evolutionary 
computation, computational models. This level of intelligence can be extended to 
handle tasks with the proper level of rationality to supersede humans thinking capabil-
ity. Autonomous vehicles have been provided with proper sensors, cameras for ena-
bling recognition of 3D environment as well as providing the capability to make intel-
ligent decisions in variable, real-traffic conditions. 

Artificial Intelligence platform when combined with virtualized environments have 
the ability to respond to the situations in real-time taking into consideration voice 
recognition, facial recognition, text analytics and natural language processing, virtual 
assistants, robotic process automation, biometric recognition, hardware optimization. 
By combining robotics and automation, it has been possible to merge traditional pro-
gramming and learning modules with developing applications that are more robust, 
efficient, and provide safe automation. Mobile robotics include the platforms for lo-
calization, mapping, planning, image recognition, reinforcement learning modules, 
focus on prior knowledge about the structures of tasks and environments. Within the 
framework of autonomous computing, deep RL-methods for end-to-end computing 
has been enabled to provide optimal adversarial policy (i.e., mapping of states to ac-
tions) for autonomous motion planning. By employing optimal motion planning strat-
egy it is possible to avoid collisions within the trajectory surface for the self-driving 
vehicles. With a help of suitable choices of optimality criteria as well as employing a 
reward function, it will be capable to enable the adoption of powerful state-space 
exploration and policy optimization techniques developed using deep Reinforcement 
Learning applications. Furthermore, we argue that both the training and test-time 
procedures of adversarial policies provide quantitative measures of reliability, which 
can be used for benchmarking of behaviors in worst-case scenarios. 

In this proposal, the design is based on the technical combinations of machine 
learning techniques including: deep learning, neural networks, sensor networks, com-
puter vision, natural language processing, and, additional forms of processing the data 
including databases, networking, security, memory, and infrastructure capabilities. 
The produced outputs are presented in the form of graphical displays, navigation sys-
tems, motions and control devices. The different test case scenarios will be conducted 
by setting the appropriate measures for the test performance. The proposed model 
shows the architecture flow of Big Data, Data Science, Robotics, AI technologies 
along with programming modules. In the long run, the benefit will be provided to the 
transportation system by decreasing the number of incidents and improving the driv-
ing conditions. 

Using the technical combinations in cloud computing, data science and analytics, 
robotics and Artificial Intelligence platforms, the paper aims to uncover the challeng-
es faced by the implementations of these algorithms for the model in the real-time 
environment. As a matter of fact, it also focuses to provide solutions to some of these 
challenges. The paper is organized in 4 sections. Section 2 is related to the literature 
review and the previous works related to the industry. The section 3 describes the 
methods and technologies used in developing the model, and the results and benefits 
from the produced module. The section 4 provides the conclusion on the innovation 
of the current method and advantages for the automobile industry. 
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2 Literature Review 

According to a recent research conducted by the team of Modular and Integrated ap-
proach, an algorithm was developed using the technologies which include Sensing, 
perception and Decision-making where, in addition, the operating system and cloud 
platform deliberately are designed in accordance with HD mapping of the sensor data. 
Sensors like LiDAR, GPS, IMU, radars and GNSS helped in determining the reflec-
tion time based on the distance and enabling in creating High-Definition (HD) maps, 
real-time localization, as well as map projection and update process respectively. 
Action prediction and path planning mechanisms are integrated with the autonomous 
systems to generate an effective action plan in real time. The driving conditions are 
challenging in the complex traffic environments. Irrespective of an action plan based 
on predictions the stochastic model of the reachable position sets of the other traffic 
participants and associate within the reachable sets. Searching all possible paths is the 
best approach within the given dataset, and, a cost function can be utilized to identify 
the best approach. However, this requires enormous computational resources which 
may make it incapable of delivering real-time navigation plans. To ensure that the 
processing pipeline is effective, sensor data generates faster results, and, if a part of 
the system fails, it needs to be robust enough to recover from the failure and the sys-
tem needs to perform all the computations under energy and resource constraints. 

The paper describes the state-of-the-art technologies used to implement machine 
learning including deep reinforcement learning (RL) for optimal regulation and track-
ing of single and multi-agent systems (Wulfmeier, 2018). The proposal draws on the 
effectiveness of uncertainty-based information-theoretic approach for performing 
optimal searches within the data. The algorithm related to iteration-based Q-learning 
is guaranteed to excel in the implementations of critical-only structures which re-
quires the neural networks to be combined with the Q-function for analytical purpos-
es. The theory is proved using Lyapunov techniques for the algorithmic implementa-
tions. Subsequently, the RADP algorithms are proposed to transform the nonlinear 
optimal control problems with closed loop systems to be stable. There are three 
groups based on extended Kalman filters, particle filters, and graph optimization par-
adigms for the algorithmic implementations. The global features are able to extract 
information in the form of raw pixels, shape signatures, color information. Sequences 
of image can be matched based on deep convolutional neural networks modeling. 

On the other hand, local features utilize a detector to locate points of interest (e.g., 
corners) in an image and a descriptor to capture local information of a patch centered 
at each interest point. The Bag-of-Words (BoW) model is often used as a quantization 
technique for local features in order to construct a feature vector in place recognition 
applications. The image-to-image matching, which localize the most similar individu-
al image that best matches the current frame obtained by the robot. Combining pair 
wise similarity scoring, nearest neighbor search, and sparse optimization provides 
reliable solutions. This has been demonstrated by being able to integrate information 
from a sequence of frames that can significantly improve place recognition accuracy 
and decrease the effect of perceptual aliasing. This method uses rasterized vehicle 
context (including the high-definition map and other actors) as a model input to pre-
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dict actor’s movement in a dynamic environment. As the vehicle is approaching the 
intersection the multimodal model (where we set the number of modes to 2) estimates 
that going straight has slightly less probability than a right turn. 

There are major contributions that can be seen in the form of machine learning 
techniques including: deep learning, reinforcement learning, Markov decision pro-
cesses, robotics, psychology etc. (Kuutti, Fallah, Katsaros, Dianati, Mccullough, 
Mouzakitis, 2018). Starting with the machine learning techniques, the necessary fac-
tors were taken into consideration to cleanse the data that can be handled across dif-
ferent Big Data sources and subsequently generate intelligence results and neural 
network forms related to enhancing perpetual intelligence and eliminate the necessary 
feature engineering options. Advances were made for improving computer vision, 
which was involved with the broad set of visual pattern recognition. 

IoT platform collects diverse real-time valuable information of objects’ concerns in 
objective world, forms a giant network through Internet and realizes interconnection 
among massive sensing devices in order to make co-fusion between data world and 
physical world. It has been highlighted in the context of autonomous vehicles that 
there are emerging trends and challenges related to performing operations in the self-
driving vehicles. Trust requirements at the early stage for developing autonomous 
cars taking into consideration the factors of safety, security, privacy, performance, 
user’s experience, reliability and economic value and a one-to-many relationship be-
tween the attribute and its properties is established. A safety-critical control function, 
such as steering, brake assist, self-parking and other functions without a direct driver 
input. A framework for integrating mutual trust computation with a standard human - 
robot interaction. The system consists of both functional and non-functional require-
ments. Functional requirements can be related to calculation, technical details or other 
specific functionality that define what a system is supposed to accomplish. Non-
functional requirements for autonomous car describe properties, such as the look and 
feel of safety, security and privacy, which are critical to the product’s success based 
on the user’s expectations and demand. Trust requirements can be related to i) Cus-
tomer’s satisfaction with the technology provided, ii) Willingness of learning and 
using the automated features in the current autonomous technology in a car, and iii) 
Preferable method for learning to use the automated features. 

Reinforcement learning defined as having the capability to support artificial intelli-
gence by enabling dynamic programming to train the model using the forms of pass 
or failure for the situations encountered while performing technical evaluations for the 
model and provide mechanisms for developing mobile robots. Deep Learning, a form 
of artificial intelligence function is capable of processing the data and creating pat-
terns for use in decision making, and, capable of learning unsupervised forms of data 
from data that is unstructured in nature. Both the technologies have contributed signif-
icantly to the autonomous systems including pedestrian, car, cyclist, traffic sign detec-
tion, semantic segmentation, and other tasks. While these systems heavily rely on 
learning: localization, reasoning, and planning modules that often continue to be the 
domain of secured rules and programs, designing and developing geometric priors 
and intuitions. This design usually operates with expert knowledge and repeated itera-
tions between testing – in simulation as well as on the platform for handling and refin-
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ing heuristics data as well as to reduce the manual effort and focus on the automation 
tasks relevant to learning decision patterns. The successful application usually re-
quires detailed domain knowledge, systems engineering, and demands significant 
time for data collection and curation, experimental setup and safety arrangements. 
One of the AI applications, namely, Advanced Driver-Assistance Systems have been 
developed and consequently its full potential can be realized by the implementing 
self-driving vehicles. 

Actors motion prediction methodologies consist of computing object’s future mo-
tion based on the time progressed by using Kalman filter as well as utilizing short-
term predictions using the map method. The factors considered include possible paths 
computation, lane connectivity, vehicle’s current state estimate. Machine learning 
models including Hidden Markov Model, Bayesian networks, or Gaussian Processes, 
Inverse Reinforcement Learning approach are utilized mostly in the autonomous sys-
tems design. One line of research follows the recent success of recurrent neural net-
works (RNN), namely Long Short-Term Memory (LSTM), for sequence prediction 
tasks. Authors applied LSTM to predict pedestrians’ future trajectories with social 
interactions and long-term dependency problem. The LSTM network has the ability to 
remove or add information for the state in the form of gates which have the ability to 
let the information pass through. This layer consists of sigmoid neural net layer and 
point wise multiplication operation. At the same time, the gate layers are able to look 
at the cell state. 

Security relates to an attribute that protects the digital information and data from 
any danger or threat from any malicious activity. Examples of the properties that re-
late to this attribute are data sharing, global positioning system (GPS) and visible 
vehicle identification number, smart key, remote keyless entry system, and remote 
panic features. Safety features can be related to automatic steering, intelligent pairing 
assist system, blind spot system, adaptive light control and camera sensor technology. 
Privacy is related to the location of information, cloud storage, crash data retrieval, 
event data retrieval and cabin monitoring system. Reliability attribute is measured 
based on the rating system for head protection technology, blind spot technology, 
advanced safety assist technology and national highway traffic safety administration. 
Performance attributes are related to engine smart cities, weather-sensitive tires, tires 
sensor, active suspension control system and electronic transmission control. User’s 
experience are the push start button, screen touch control, keyless entry, garage door 
system, design dashboard and on-board maps and navigation. Economic value are 
trusted brand, selling price, trend, product features and car warranty. 

The measures of error of distance and error of angle from camera images, and then 
applying fuzzy logic to fuzzify them into a combined error degree. Autonomous driv-
ing application has features composed of low speed, short connection, fixed routes, 
less complicated traffic. The path tracking controller can be divided into two catego-
ries: localization-based path tracking and vision-based path tracking. Localization-
based path tracking can consist of high-precision GPS or LiDAR could provide abso-
lute global position. And one of the path tracking controllers is pure pursuit for the 
robotic modeling using vehicle kinematic bicycle method. Control theory controllers 
are also based on precise localization, using the approaches of Linear Quadratic Regu-
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lator(LQR) and Model Predictive Control(MPC). Vision-based path tracking task is 
defined as guiding the motion of a robot with respect to a target path based on the 
feedback obtained through a vision system. The following measures can be used to 
calculate the distance error and direction error at preview distance in the image, how-
ever they require high-precision error values. Environment factors such as daylight 
and whether severely affect visual detecting, path tracking. Visual Path Tracking con-
sists of the following paths related to Inverse Perspective Mapping, Track Line Detec-
tion, Fuzzification. 

To find the location of the device, the past trajectory data can be employed. In an-
other recurrent network variant called gated recurrent unit (GRU) combined with 
conditional variation auto-encoder (CVAE) was used to predict vehicle trajectory. 
Convolutional neural networks also encompassed visual glimpses. Mixture Density 
Networks (MDNs) are conventional neural networks which solve multimodal regres-
sion tasks by learning parameters of a Gaussian mixture model. Contrast to the neuro-
fuzzy is proposed to simulate the propagation model to predict RSS and compare the 
performance with empirical models of channels. RSS from the aerial platform is cal-
culated using Hata model. However, Kaiser integrated the combination of received 
signal strength (RSS) and variance fractal dimensions as an input to ANN for predic-
tion of location features. ANN was used to predict channel propagation of multi-user 
transmission under Rayleigh fading to maximize the efficiencies (Alsamhi, Ma, Ansa-
ri, 2018). Conditional Variational Atuo-Encoder was considered to be non-
parameterized prediction method to be employed for a diverse set of prediction hy-
potheses to capture the multimodality of the space of plausible futures (Yin, 2018). 
Emergent behavior includes induced lane changes and changes in velocity at intersec-
tions and highway segments. The behavioral models are learned by maximum-entropy 
IRL from demonstrations of different social acceptability (Schwarting, Alonso-Mora, 
Rus, 2018). The maximum-entropy deep IRL framework exploits the expressive ca-
pacity of deep fully convolutional neural networks to represent the cost model under-
lying driving behaviors (Schwarting, Alonso-Mora, Rus, 2018). In general, deep fully 
convolutional neural networks, as robust, flexible, high-capacity function approxi-
mates, are able to model the complex relationship between sensory input and reward 
structure very well (Schwarting, Alonso-Mora, Rus, 2018). 

In this manner, a range of AI techniques can reduce investigators’ cognitive load 
and support decision-making, including: planning the assessment of the scene; ongo-
ing evaluation and updating of risks; control of autonomous vehicles for collecting 
images and sensor data; reviewing images/videos for items of interest; identification 
of anomalies; and retrieval of relevant documentation. With the utilization of robots, 
associated with Micro Unmanned Aerial Vehicles (MUAV) for carrying out remote 
sensing in the current hazardous environments. Threats can be possibly detected using 
responders as well as multi-robot reconnaissance. The RAVs can be able to operate as 
multi-agent robot swarm for dividing the work as well as relaying information from 
the sensors as well as cameras to a Central Hub. The Image Analysis model can be 
used by utilizing a Deep Neural Network algorithm for detecting as well as identify-
ing the objects in images taken by the RAV cameras. It is also possible to perform 
pixel-level semantic annotation of the terrain by using the network algorithm to sup-
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port subsequent route-planning for Robotic Ground-Based Vehicles (RGVs). The 
Probabilistic Reasoning module assesses the likelihood of occurrence of different 
threats, for incoming information as well as monitoring the images and sensor read-
ings. By deploying Information Retrieval TF-IDF module is possible to simulate with 
respect to the incident. The communication protocol can be developed using JSON-
based real-world RAVs using RESTful APIs, cameras, sensor systems. In this way, 
the system can be maintained loosely coupled as well as testing can be taken into 
consideration the real-world scenarios. The routing algorithms employed can include 
hyper-heuristics which can be integrated with machine learning algorithms for opti-
mizing the routes as well as handling the components of failure and battery usage. 
The documentation can be based on standard operating procedures and guidance doc-
uments from the knowledge base based on the implementations done using Elastic 
Search implementations. 

In fact, AI works on the principle of costly hardware, as well as massive datasets to 
process the data, machine learning phase of deep learning, reinforcement learning, 
inverse reinforcement learning principles plays a major part in the software develop-
ment. The computations performed are very intensive in nature and cost-effective 
computing resources. Object recognition AI systems can 

include facial recognition on the phones as well as systems. A national approach is 
followed for maximizing the potential capabilities which are critical factors utilizing 
coordination and mobilizing key agencies to make the necessary organizational 
changes to take advantage of AI to the next level (Sharifzadeh, Chiotellis, Triebel, 
Cremers, 2016). Cognitive scientists explore mental ability of human beings through 
observation on aspects such as language, perception, memory, attention, reasoning 
and emotion. Brain-like computing aims to enable the computers to understand and 
cognize the objective world from the perspective of human thinking. Communication 
field emphasizes on transmission of information, while computer realm emphasizes 
on utilization of information. The data can be in the form of structured and unstruc-
tured data. 

3 Discussion. Technical Implementation 

With the development of network-enabled sensors and artificial intelligence algo-
rithms, various human-centered smart systems are proposed to provide services with 
higher quality, such as smart health care, affective interaction, and autonomous driv-
ing. Cognitive computing consists of the domains including data science, discovery, 
cognitive science, and big data. The technologies of networking, cloud computing, 
analytics can be implemented in this domain. The applications of this technology are 
found in human-centered cognitive computing, including robot technology, emotional 
communication system, and medical cognitive system. The human-centered cognitive 
cycle includes machine, cyberspace and human. 

The techniques of perception, data planning, decision-making, interactive planning 
and end-to-end learning has been proved valuable in deriving the insights for the fu-
ture generation of cars. Improvements in functional capabilities have been proven to 
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be useful for the prototypes developed as well as there is a requirement still focused 
on the performance and safety of the vehicles being driven under different driving 
conditions. The concepts of autonomous vehicles, decision-making, motion planning, 
artificial intelligence, verification, fleet management have proved useful for the com-
munication to be distributed across. 

Also, autonomous driving can improve the quality, performance, productivity, reli-
ability, efficiency of the driving vehicles. The level of automation derived from hu-
man-operated vehicle to self-driving autonomic vehicles is varying in nature. The 
advancements made in the technical implementations of the self-driving cars have 
supported the drivers in making decisions for taking actions related to driving and 
maintaining speed, to be in a lane, performing car-driver handover. The experiments 
performed in this area were conducted based on real-time environment simulations. 
Driving in dynamic environments, needs to handle the outcomes to be dealt in an 
unpredictable manner for situations related to human-level reliability, and reacting 
safely in complex urban situations. The navigation system for the autonomous vehi-
cles can be developed by taking into consideration the factors of perception, decision-
making, control. Machine learning techniques and complex planning and decision-
making methods, verification and guaranteed performance of autonomous driving 
pipeline have become ever so involved with the activities of challenging environ-
ments. 

Within the domain of robotic programming, it includes mechanisms related to kin-
ematic modeling consisting of scenarios related to reference path, proportional-
integral-derivative control, feedback linearization, model-predictive control, nonlinear 
model, model predictive control, feedback-feed forward control (Khan, 2018). Oper-
ating procedures at high speeds or aggressive maneuvers employ full dynamic model-
ing of the vehicle which includes tier forces. Simulation modelling of the cars has 
been developed taking into consideration the factors of steering angle and projection 
trajectories. Advances made for fast nonlinear optimizers is to optimize simultaneous-
ly over steering angle and velocity or throttle input for achieving minimal interven-
tion. Firstly is the input space discretization with collision checking, secondly is ran-
domized planning, third is the constrained optimization and receding-horizon control 
and can also compute collision-free trajectories for employing a navigating device in 
the vehicle. The main advantage of this vehicle is in the constrained optimization for 
the smoothness of trajectories and direct encoding of the vehicle model utilized in the 
trajectory planning. The rules included can be based on the motion-planner, maximiz-
ing visibility may reduce risk, questions of rules violation arises, rules related to logic 
functions as well as utilizing automatic control synthesis methods can be demonstrat-
ed. Also, by utilizing the cost function, traditional motion planning methods can be 
employed to determine the trajectory of the lowest cost. Minimum-violation routing 
and single-trip scenarios to effectively monitor the flow of data. Integrated perception 
and planning can be done to generate the control input of the vehicle based on sensory 
information as well as machine learning optimizations. Perception can be based on the 
following technique recognition, reconstruction, motion estimation, tracking, scene 
understanding, and end-to-end learning. Maps have been constructed as part of han-
dling navigational features in the autonomous engines. Object detections are done by 
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employing bounding-box detection, semantic segmentation, deep neural networks 
have played a significant role in this area, effective neural network have played a 
significant role in the dataset’s in production. Bayesian deep learning incorporates the 
intersection between deep learning and Bayesian probability theory, providing uncer-
tainty estimates within deep architectures. Sensory information and actuation can be 
achieved in the network by enabling path proposals, perception and planning module, 
neural network schemas, supervised and unsupervised learning modules, GPU-
computing capabilities computed using efficient learning of convolutional neural 
networks, improved performance of end-to-end driving capability. 

The interaction model simply consists of a constant braking action triggered if a 
time to collision falls below a threshold. Planning on abstractions rather than detailed 
trajectories can lower planning complexity significantly. Solving the POMDP in a 
conventional way or by domain knowledge and specific simplifications, is to employ 
nonparametric reinforcement learning, to immediately receive an approximately op-
timal policy without optimization. However, generalization to arbitrary environments 
remains a challenge. Support vector machine for lane-change decision-making with 
features composed of relative position and relative velocity. If a lane-change desire is 
triggered, a lane-change reference trajectory is executed by a model predictive con-
troller with the objective from minimal deviation to the reference subject to a set of 
safety constraints. 
 The end-to-end motion planning has been also applied to robotics—for example, to 
learn a navigation policy in simulation from an expert operator, with a 2-D laser range 
finder and relative goal position as inputs. It is then feasible to transfer the knowledge 
gained from training to unseen real-world environments to perform target-oriented 
navigation and collision avoidance. Socially aware collision avoidance with deep 
reinforcement learning was introduced to explain and induce socially aware behaviors 
capable of learning directly from multiagent scenarios by developing a symmetrical 
neural network structure. Robots that use learned perceptual models in the real world 
must be able to safely handle cases where they are forced to make decisions in scenar-
ios that are unlike any of their training examples. Automated driving with humanlike 
driving behavior requires interactive and cooperative decision-making, socially com-
pliant motion planning. Probabilistic approaches can be defined to include lower cost 
for the functions involving maximum likelihood, or, maximum a-posteriori resulting 
in a receding-horizon planner. Increased complexity in this model is another chal-
lenge. Decision tree grows exponentially with the number of agents such as Monte 
Carlo tree search algorithm. Markov decision process can be applied for scenarios 
related to making decisions in the highway platform. Factors related to maximum 
acceleration, desired acceleration, desired velocity, minimum distance, and desired 
time gap can be considered. The task of the probabilistic graphical model is to gener-
ate an intention estimation with maximum probability, given observed information. 
Individual Gaussian processes are coupled through an interaction potential that mod-
els cooperation between different agents’ trajectories. Terms for affordance, for pro-
gress, and to penalize close distances to other agents can also be included in their joint 
cost function.  
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 Data being handled by low-cost-sensors, data will be able to flow from information 
blind spots to augment and improve decision making. With focus on sensor networks, 
especially wireless sensor networks in which an object having a sensor on it compris-
es of heterogeneous computing environment. Within the ecosystem, the system is 
integrated with hardware, software, connectivity, and information flows linked with 
decision making capability. Objects in a SOA architecture can consist of Internet 
Protocol address and sends data about its state and immediate environment and also 
can receive data linked to actions. The individual tasks become end-to-end process 
consisting of a workflow managed in real-time data environment. Trustable data is the 
primary advantage of Blockchain technology, can be used in applications that can 
seek to improve the situations where low levels of trust exist. The strategic advantage 
of IOT strategy is that to handle emerging changes and integrate IT innovations such 
as Big Data and Artificial Intelligence based on which new skills will emerge for 
making jobs to be digitally displaceable as well as new jobs arising. 

In comparison to research & development work done at NVIDIA, the organiza-
tion’s project trained a deep convolutional neural network to map raw images from a 
front-facing camera directly to steering commands and were able to handle challeng-
ing scenarios such as driving on a gravel road, passing through roadwork, and driving 
during the night in poorly lit environments. During training, random shifts and rota-
tions are applied to the original input image and virtual human interventions are simu-
lated to artificially increase the number of training samples that require corrective 
control actions. By observing which regions of the input image contributed most to 
the output of the network. A large-scale driving video data set to train an end-to-end 
fully convolutional long short-term memory network to predict both multimodal dis-
crete behaviors on a task-based level and continuous driving behaviors. The architec-
ture for time-series prediction essentially fuses a long short-term memory temporal 
encoder with a fully convolutional visual encoder. Once the information quantity of 
various experience become large, he or she may possess human’s big data thinking, 
which is hierarchical as deep learning. One differences between big data analysis and 
cognitive computing is data size. There are various degrees of processes such as cog-
nition, memory, learning, thinking and problem solving. Cloud computing virtualizes 
the computing, storage and band-width. Information related to the literal information 
and the pictorial information correspond to natural language processing and machine 
vision. Cloud computing and IoT provide cognitive computing with software and 
hardware basis, while big data analysis provides methods and thinking for discovering 
and recognizing new opportunity and new value in data. Traditional supervised learn-
ing and unsupervised learning are based on closed training with data input. 

The benefits of using the implementations of the modern self-driving cars can be 
seen in the implementations of feedforward and feedback neural networks modeling 
the throttling and braking, speed and steering, lateral and longitudinal controllers 
designed to handle the dynamic and kinematic movements of the car. Also, are the 
implementations of the least squares for parameter and state estimations by applying 
the Kalman Filter algorithms which provides the motion and measurement models, 
bias and consistency using the prediction and correction procedures for estimating the 
state of the vehicle. Implementations of reference frames are also visible wihin the 
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navigation systems using vectors for coordinate rotations and rotation matrix, euler 
angles which are visible in the actions performed in the sensor frames. The drawbacks 
are mostly related to having augmented reality in combination with autonomous vehi-
cles which would provide the benefit of monitoring the sensor data while the car pro-
cesses it, also the car would be able to overcome physical obstacles and virtual vehi-
cles, also the rider would be able to get more glimpse into the surrounding areas as 
well as able to monitor road conditions and slowdowns. So, there is more research 
and development needed in this area of combining augmented reality with autono-
mous driving. 
 We also need to see new tasks being undertaken such as monitoring the state and 
health of embedded sensors within the system on a construction site and beyond. In-
ternet Transport Protocols including TCP/IP, UDP, OSI model of packaging the mes-
sages as well as sending and receiving the packets of data. The data from user-
requests on end-user devices could be brought in by encapsulating data from sensors 
which are involved in sending more information-rich pages back to the client. The 
other infrastructure related components are related to cloud and virtualization. SOA 
architecture is being evolving into DevOps, Virtualization, Serverless Architecture, 
Operational Technology, Information Technology convergence. Process control sys-
tems consisting of equipment, process flows, sensors and actuators. IoT solution is 
consisting of network of computing resources example processors, volatile and persis-
tent memory/storage, networking software, applications, analytics algorithms and 
more. Embedded Sensors, Smart Sensors, embedded and autonomous computing 
Machine Learning model similar to Linear regression model can be used for predict-
ing the temperature of radiation waves present with the components in the platform 
that can include integration of hardware, operating system, virtualization, IoT ena-
blement related to MQTT, DDS, Kafka, Cassandra, Tensorflow tools. Data running 
through an API as well as data virtualization layer should be monitored for security 
analysis. Machine Learning and Neural Networks techniques related to Convolutional 
Neural Network, Recursive Neural Network Security and Privacy Preserving algo-
rithms including man-in-the-middle attack, Public-Private keys, RSA algorithm, For-
mat Preserving Encryption, Blockchain are all the security methods through which the 
data in the pipeline can be preserved. 

4 Conclusions 

The current automation industry that uses the Big Data technologies has a gap in neu-
ral network algorithm development. The current implementation and development 
shows the advantages of overcoming the shortcoming within the self-driving car 
model and its benefits to the industry. The paper has been involved in identifying the 
challenges associated by implementing the self-driving car model in order to handle 
the driving conditions safely while inculcating driving modes by having additional 
layers of security encompassed into the model to prevent accidents. Also, future re-
search in this area can be conducted to include additional metrics of security, privacy, 
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safety, decision-making, behavioral-driven, networking layers to handle the move-
ment of objects based on the principles of virtual reality and being able to control it. 
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Abstract. The increase in online social media provides an excellent platform 
for companies, on the one hand, to read and learn from customers and improve 
their marketing policies and on the other hand, to perform various analysis and 
classification tasks. In this short paper, we present basic statistics of the domains 
of text classification, sentiment analysis, social media, and marketing over the 
last nine years. The three main findings derived from these statistics are: (1) the 
sentiment analysis, text classification, and social media topics are increasing; (2) 
the marketing topic is declining; and (3) marketing combined with (sentiment 
analysis or text classification or social media) are constantly increasing. We also 
reviewed a few studies relevant to these domains. We can see that in many of 
these studies: (1) relatively simple tasks have been performed such as simple 
sentiment classification (only to positive, negative or neutral without predicting 
the degree of the sentiment and finding the underlying causes of positive or 
negative sentiments); (2) relatively simple features have been applied; and (3) 
only SVM methods have been applied. 

Keywords: Data Mining, Marketing, Sentiment Analysis, Supervised Machine 
Learning, Text Classification. 

1 Introduction 

The constant and impressive increase in online social media (e.g., Facebook, Flickr, 
Twitter, blogs, forums, and websites) provides an excellent platform for organizations 
and companies to read and learn from customers [8]. Traditional marketing methods 
such as face-to-face interviewing and focus groups are both costly and time-consuming, 
and sometimes even biased. In contrast, huge social media, such as the millions of 
blogs, and tweets are available for free. 

Customer satisfaction and consumer complaint behavior have both been recognized 
in the academic and the practical world as important phenomena, which impact an 
organization’s success [10]. The marketing policies of organizations and companies 
can be greatly influenced by text analysis in general, and sentiment analysis, in 
particular based on various natural language processing (NLP) tools and text 
classification, using supervised machine learning (ML) methods. 
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In this short paper, we present, on the one hand, basic and preliminary statistics of 
the domains of text classification, sentiment analysis, social media, and marketing, and 
on the other hand, summaries of a number of articles relevant to these domains.  

The structure of this paper is as follows. Section 2 introduces some general trends of 
the discussed domains. Section 3 provides summaries of several relevant articles. 
Finally, Section 4 summarizes and offers some suggestions for future research. 

2 General Trends in the Discussed Domains 

In this section, we show a number of trends in the scientific research conducted in the 
domains of text classification, sentiment analysis, social media, and marketing. At the 
beginning, we decide to check these trends by the following simple heuristic method 
that counts the number of publications having these domains in the publications’ titles, 
over the last nine years (2010-2018), retrieved by Google scholar’s engine. Google 
scholar was chosen because it is a freely accessible bibliographic database, which 
enables web search of most online academic journals and books, conference papers, 
theses and dissertations, preprints, abstracts, technical reports, and other scholarly 
literature, including court opinions and patents1. 

Table 1 presents the number of publications having the various discussed domains 
in the publications’ titles. 

In Table 12, we see two main trends. The first trend is the decline of the number of 
publications having “marketing” in their titles over the last nine years. The second trend 
is the increase of the number of publications having “sentiment analysis”, “text 
classification”, and “social media” in their titles over the last nine years.  

Fig. 1 presents the first trend, using a polynomial of degree five (this function was 
found to be most suitable for describing the trend shown in the graph from a wide range 
of functions of different degrees). The second trend is presented in Figures 2-4 (in these 

1 "Search Tips: Content Coverage". Google Scholar. Retrieved 27 April 2016. 
2 According to Google Scholar on 20-MAR-19. 

Table 1. Number of publications having the domains in the publications’ titles. 
Year keywords 

marketing sentiment analysis text classification social media 
2010 16,600 201 341 3,410 
2011 20,600 301 319 6,000 
2012 20,000 486 355 7,780 
2013 20,200 672 337 8,650 
2014 19,200 890 335 9,320 
2015 20,700 1,070 381 9,940 
2016 17,200 1,280 414 10,400 
2017 17,000 1,500 445 10,500 
2018 14,100 1,540 550 10,500 
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figures as well, each graph was described using the function that was found to be most 
suitable from a wide range of functions of different degrees). 

Fig. 2 presents an increase of the results over the years using a rising linear line. 

Fig. 3 presents an increase of the results over the years using 
a polynomial of degree six. 

Fig. 2. # of publications in Google Scholar having  
“sentiment analysis” in their title for the last 9 years. 

Fig. 1. # of publications in Google Scholar having “marketing” 
in their title for the last 9 years. 

Fig. 3. # of publications in Google Scholar having “text classification” 
in their title for the last 9 years. 
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Fig. 4 presents an increase of the results over the years using 
a polynomial of degree two. 

    On the one hand, the general trend introduced in Figure 1 shows a decline in the 
number of publications having “marketing” in their titles over the last nine years. 

On the other hand, there is an increase of research in text classification, sentiment 
analysis, and social media according to Table 1 and Figures 2-4, where we see the 
number of publications in Google Scholar having “text classification”, “sentiment 
analysis”, and “social media” in their title for the last nine years. The overall trend 
in Figures 2-4 is an increase in the number of publications having “marketing” in 
their titles over the last nine years. 

We then decided to generate a new table (Table 2) that presents the number of 
articles containing (anywhere in the paper) at least one appearance of “marketing” 
with at least one appearance of each of the other keywords, as well as creating 
appropriate Figures (Figures 5-7). 

Fig. 4. # of publications in Google Scholar having “social media” 
in their title for the last 9 years. 
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Fig. 5 presents an increase of the results over the years using a rising linear line. 

Fig. 6 presents a decline of the results over the years using a rising linear line. 

Fig. 5. # of publications in Google Scholar having “marketing” & “sentiment 
analysis” for the last 9 years. 

Fig. 6. # of publications in Google Scholar having “marketing” & “text 
classification” for the last 9 years. 

Table 2. Number of publications containing marketing with each 
of the other keywords. 

Year Concept 
marketing  & 

sentiment analysis 
marketing  & text 

classification 
marketing  & 
social media 

2010 693 433 13,600 
2011 1,180 499 22,600 
2012 1,850 642 34,300 
2013 2,610 680 46,700 
2014 3,500 755 56,600 
2015 4,550 951 56,900 
2016 5,310 1,010 57,700 
2017 6,480 1,160 59,000 
2018 7,280 1,180 45,000 
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Fig. 7 presents a decline of the results over the years using a polynomial of degree two. 

Figures 5 and 6 present a similar overall trend, which is a linear increase in the 
number of publications having “marketing” & “sentiment analysis” or “text 
classification” over the last nine years. Figure 7 presents the number of publications 
having “marketing” & “social media” over the last nine years. The general trend is a 
clear increase trend until 2015. During 2015-2017, the number is rather steady. 

These findings show that the study of marketing combined with the other keywords 
is in general increasing until at least 2018. In 2018, there is an increase for two first 
combinations (“marketing” & “sentiment analysis”, “marketing” & “text 
classification”) and only one puzzling and unexplained decline for the “marketing” & 
“social media” combination. The overall picture of the increase in the number of 
publications of these three combinations over the years is particularly noteworthy, 
given the fact that “marketing” itself is declining, at least according to its frequency in 
the headlines of articles. 

3 Previous Studies 

In this section, we present a summary of a number of articles relevant to the discussed 
domains.  Each summary contains a description of the presented research and its results. 
In addition, each summary will contain, as much as possible, shortcomings and/or 
future work that is offered for the discussed study. 

Glance et al. [4] described an end-to-end system that is used to support a number of 
marketing intelligence and business intelligence applications, e.g., early alerting ‒ 
informing subscribers when a rare but critical, or even fatal, condition occurs; buzz 
tracking ‒ following trends in topics of discussion and understanding what new topics 
are forming; and sentiment mining ‒ extracting aggregate measures of positive vs. 
negative opinion. Their system collects specific types of online content and provides 
analytics based on classification, NLP tools (e.g., a part-of-speech (POS) tagger and a 
shallow parser), phrase finding, and other mining technologies in a marketing 

Fig. 7. # of publications in Google Scholar having “marketing” & “social 
media” for the last 9 years. 
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intelligence application. The analysis system allows a user to rapidly characterize the 
data, to and drill down to discover and validate specific issues. The system delivers 
both qualitative and quantitative accounts of features derived from online messages. 
The authors of this article neither mentioned shortcomings of their system nor offered 
any suggestions for future work. 

Engin and Can [2] investigated the semantic classification of Turkish Web 
documents in the marketing domain. They constructed various feature extraction 
methods, based on characteristics of the Turkish language, structures of Web 
documents, and online content in the marketing domain. They constructed a labeled 
marketing dataset in Turkish. They applied and compared various support vector 
machine (SVM) configurations, using the TFIDF scheme, considering the performance 
needs of practical context-sensitive systems. Their results show that linear kernel 
classifiers achieve the best performance in terms of accuracy and speed on text 
documents expressed as keyword root features. The authors suggest extension of their 
research study in two main areas. The first is to improve the feature extraction and 
classification phases using NLP tools such as a Turkish WordNet, Named entity 
recognizers, part of speech taggers and other language processing methods. The second 
is the design and development of the ad distribution system as a practical mechanism. 
Their dataset can be generalized with new labeled web documents that have different 
page structures and contents, and their labeling and keyword extracting procedures 
should be improved and made more efficient. 

Cho and Kang [1] proposed a method of text sentiment classification for social 
network service (SNS)-based marketing for tweets written in Korean in five different 
datasets (Consumer Products, Persons, Travel, Food, and Movies), where each dataset 
contains a few hundred tweets. In contrast to previous methods that used only formal 
vocabulary, the authors use also informal vocabulary such as emoticons and newly 
coined words. They built five special sentiment-based domain dictionaries, in which 
each vocabulary is associated with a sentiment and its weight. The sentiment is labeled 
as one of three sentiments (positive, negative or neutral) if at least 7 of 10 students 
agreed on the label. Each tweet is decomposed into morphemes using an existing 
morpheme analyzer. They create a feature vector for each morpheme, using the 
sentiment-based domain dictionaries. They applied 10 cross-validation. The sentiment 
of each tweet is classified by a SVM classifier. Their method presents better 
performance in almost all type of measures (precision, recall, and F1-Measure) in all 
five examined tasks. In this research paper too, the authors neither mentioned 
shortcomings of their system nor offered any suggestions for future work. 

Mostafa in his research [9], attempted to answer the following research questions: 
(1) Can social networks’ opinion mining methods be used to successfully detect hidden
patterns in consumers’ sentiments towards global brands? and (2) Can companies
effectively use the blogosphere to redesign their advertising and marketing campaigns?
He used a random sample of 3,516 tweets to evaluate consumers’ sentiment towards
sixteen global brands, e.g., DHL, IBM, KLM, Nokia, and T-Mobile. He used an expert-
predefined lexicon including about 6,800 seed adjectives with known orientation (2,006 
positive words and 4,783 negative words) to perform the analysis. To conduct the
qualitative part of this study, the author used the QDA Miner 4.0 software package
(Provalis Research [11]). The results indicate a generally positive consumer sentiment
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towards several famous brands. The author noted three drawbacks of their system and 
proposed future research ideas to solve these drawbacks, as follows: (1) Their sentiment 
analysis component does not reveal the underlying reason behind the consumers’ 
opinions. Future research using sentiment topic recognition should be conducted to 
determine the most representative topics discussed behind each sentiment, and by that 
way it should be possible to gain overall knowledge regarding the underlying causes of 
positive or negative sentiments. (2) Their lexicon-based approach can detect only basic 
sentiments, and might fail to recognize expressions used in situations such as sarcasm, 
irony or provocation. A possible solution might be the use of a large corpus containing 
such idiomatic expressions. (3) Consumers’ opinions might in fact be posted by online 
vendors who pretend to be as real consumers. Such opinions might distort sentiments 
of real consumers. Future research should try to distinguish between opinions of real 
consumers, and opinions that reflect the position of vendors interested in selling more 
products or services. 

Howells and Ertugan [7] proposed a model for sentiment analysis of social media 
network data. Their model applies fuzzy logic methods to design, create and build 
social bots that can analyze consumer comments in social media networks. Their model 
is specifically aimed at applications in consumer relationship management, customer 
retention, and other aspects of marketing. The social bots of this experiment were 
successful as follows. 27% of the user population decided to follow one of the social 
bot accounts. 12% of the user population mentioned at least one of the social bots in a 
tweet. An idea for future research is to build a highly efficient tool that will not only 
find a target population, but will communicate and prompt the target for more 
information. Such a tool can be an extremely useful in customer relationship 
management, as the marketer would be able to probe the user for more feedback on a 
particular subject. 

Giatsoglou et al.  [3] proposed a generic methodology for sentiment detection out of 
textual snippets that express people’s opinions in English and Greek. Their 
methodology uses a SVM method and textual documents are represented by vectors 
that are used for training a polarity classification model. Several documents’ vector 
representation approaches have been explored and compared, including word 
embedding-based, lexicon-based, and hybrid vectorizations. The competence of these 
feature representations for the sentiment classification task was evaluated by 
experiments on four datasets containing online user reviews in both English and Greek, 
in order to represent high and weak inflection language groups. Possible future research 
are, on the one hand, to conduct experiments to showcase the flexibility and the 
computational efficiency of their methodology and to improve the model’s 
performance and, on the other hand, to: (a) explore new topics beyond online customer 
reviews, (b) consider another high inflection language and also other language specific 
phenomena, (c) consider other emotional lexicons for the English language, and (d) 
apply the methodology to big data sentiment datasets (e.g., large tweet datasets). 
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4 Summary and Future Work 

In this short paper, we present basic statistics of the studies in the domains of text 
classification, sentiment analysis, social media, and marketing over the last nine years. 
The three main findings derived from these statistics are: (1) the sentiment analysis, 
text classification, and social media topics are increasing; (2) the marketing topic is 
declining; and (3) marketing combined with (sentiment analysis or text classification 
or and social media) are increasing all over the years (except marketing combined with 
social media for the last few years). 

In addition, we provide summaries of a few relevant articles. Each summary contains 
not only a description of the presented research and its results, but also as much as 
possible, shortcomings and/or ideas for future work that are suggested for the discussed 
study. The summaries show some of the potential of text classification and sentiment 
analysis in social media to improve marketing. 

We see in many of the studies that have been surveyed above: (1) relatively simple 
tasks have been performed, e.g., simple sentiment classification (only to positive, 
negative or neutral, without predicting the degree of the sentiment and finding the 
underlying causes of positive or negative sentiments); (2) relatively simple features 
have been applied; and (3) only SVM methods have been applied. Additional advanced 
machine learning (ML) methods such as deep learning models should be applied at least 
on large datasets. 

The major achievements in text classification and sentiment analysis have not yet 
been absorbed into many of the studies in marketing intelligence and business 
intelligence applications. 

Possible future research proposals include (1) applying more advanced sentiment 
methods in the domain of marketing (e.g., automatic extraction of positive and negative 
words using seed lists [5]); (2); applying classification tasks using not only n-gram 
features and lexicons, but also stylistic features such as function words, quantitative 
features, orthographic features, part of speech (POS) features, and lexical features [6]; 
and (3) applying the most advanced supervised ML methods such as various deep 
learning models to match the vast amount of knowledge available in social media. 

Acknowledgments. The author thanks three anonymous reviewers for their reviews 
and fruitful comments. Thanks also to Shalom Mashbaum for his English editing. 
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Abstract. Companies across the globe have been adapting complex Machine 

Learning (ML) techniques to build advanced predictive models to improve their 

operations and services and help in decision making. While these ML tech-

niques are extremely powerful and have found success in different industries for 

helping with decision making, a common feedback heard across many indus-

tries worldwide is that too often these techniques are opaque in nature with no 

details as to why a particular prediction probability was reached. This work pre-

sents an innovative algorithm that addresses this limitation by providing a 

ranked list  of all features according to their contribution to a model’s prediction. 

This new algorithm, Feature Impact for Prediction Explanation (FIPE), incorpo-

rates individual feature variations and correlations to calculate feature impact 

for a prediction. The true power of FIPE lies in its computationally -efficient 

ability to provide feature impact irrespective of the base ML technique used.  

Keywords: black box · model interpretation · prediction explanation 

1 Introduction 

Machine learning (ML) algorithms provide new milestones for a company’s s uccess 

by providing future prediction and forecasting for various metrics and events for bet -

ter and optimized outcomes. Simple algorithms, like logistic regression and decision 

trees, have architectures that make it easy to interpret and explain the reasons behind 

the algorithms predictions. On the other hand, with the technological advancement in  

computing power and big-data sources, more complex ML algorithms have become 

dominant over these simple algorithms in practical applications. Techniques like mul-

ti-perceptron neural network, deep learning tools, random forest, and gradient-boosted 

trees usually outperform the simple ML algorithms. The down side is that these more 

complex algorithms are not interpretable when it comes to explaining individual p re-

dictions. This in turn makes it difficult for the users of these models to take personal-

ized actions based on the individual predictions. For example, a model might be us ed  

to predict patients who might be non-compliant with their medications. While the 

model can provide a list of these patients, it cannot provide any  ind icat ion  o f why  

these individuals are non-compliant with their medications. Being non-compliant 

could be due to a variety of reasons, financial difficulties to pay for expensive medi-

cations or lacking transportation to pick up the medications, for example. Thes e d if-

ferent burdens require alternative actions to be taken by the model users. 



Through examination of the literature, a clear gap is apparent in that there is a criti-

cal need to have some efficient tool to interpret these complex model pred ict ions in  

important fields like healthcare and finance, among others [1-2]. The effort in  model 

interpretation, however, has been recent and limited. One of earliest proposed meth-

ods to solve this challenging problem is the permutation-based interpretation method 

called individual conditional expectation (ICE) [3]. ICE creates variants of an in-

stance by replacing the feature’s value with values from a grid and makes new predic-

tions using the original model. Lundberg [4] proposed another approach that calcu-

lates marginal contribution of a feature value across all possible options; then all con-

tributions are averaged using Shapley values. Both the ICE and Shapely  values re-

quire expensive run times when you have many features. In addition, both techniques 

can produce invalid local interpretations when features are correlated. 

Other approaches for black box model interpretation are the local surrogate models 

like local interpretable model-agnostic explanations (LIME), which builds logistic 

regression to represent each observation predictive value [5]. Another derivat ion  o f 

the surrogate models uses decision trees to represent the predictive values [6]. Thes e 

surrogate methods experience serious limitations that include: computationally expen-

sive since each observation should be represented in new model, over simplificat ion  

assumption for the model by assuming all features have simple relationships at  loc al 

level, and instability of the explanations due to heuristic settings and  variable s am-

pling process [1, 7-8]. Evaluation of majority of these and other similar methods 

along with their limitations are detailed in Guidotti [9]. There are other approaches 

that are designed for global model interpretation [10-13], but those are beyond the 

scope of this work since they are not capable of providing individual explanation  fo r 

each observation. 

Besides the fact that use of these model interpretation algorithms burdens the user 

with severe limitations, the algorithms are neither mature nor widely used in industrial 

applications. In real world situations where the model has thousands of features to be 

evaluated, some algorithms like ICE  and LIME run into memory and run time issues. 

Moreover, other algorithms are designed for scenarios that are too specific and crafted 

with simplistic assumptions. Therefore, this work was motivated by the fact that there 

are still tremendous areas of improvement needed in regards to model interpretat ion . 

This is especially the case when it comes to real world applications with flexible s et -

tings, and ML models with large numbers of features. 

To address these issues, we introduce in this work a novel algorithm that can be 

used to interpret ML modeling by providing the top predictors that are d riv ing  the 

model prediction for each observation. The new algorithm is called Feature Impact for 

Prediction Explanation (FIPE). The FIPE algorithms can be used with any ML model 

with superior credibility because: (1) it preserves and uses the original built model to  

rank top predictors and interpret the predictions; (2) it runs relat ively  fas t  without  

running in memory issues or implementation obstacles, which makes  it  s calab le to  

any application; (3) it produces local prediction interpretation for each observation;  

and (4) it’s proven to have broad representation of all predictors in the model without  

any biases or in-advanced assumptions and settings that might  limit  o r change the 

number of represented predictors. 
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2 Feature Impact for Prediction Explanation (FIPE) 

The hypothesis for the FIPE algorithm is built around the fact that an informative 

feature in a model is the one that has varying values and is correlated to  the target 

(i.e., output) so that the variation in the model predictions are caused  by these in -

formative features. The greatest impact on a model prediction is produced by the fea-

tures with extreme values relative to each other. Essentially, the features with extreme 

low or high values from their median/mode drives the resulting score along with their 

importance/weight in the model architecture. The feature impact on a model p red ic-

tion can actually be estimated by evaluating the prediction changes when that impact  

is removed. The most straightforward way to do this is to set the feature value back to 

its normal value, like the median for numeric features and the mode fo r categorical 

features. In most practical ML problems, features are somewhat correlated to each 

other. They all contribute cohesively to the model predictions. Thus, whenever a fea-

ture impact is evaluated the correlated impact with other features should also be con-

sidered. 

The FIPE algorithm was developed to calculate the feature impact  using two  as-

pects: the impact of the individual feature on the model, and the correlated impact  

resulting from being associated with other features. Eventually, FIPE algorithm calcu-

lates the total feature impact as the resulting sum of both impacts based on the chang-

es they cause on the model prediction. We have summarized the FIPE algorithm in  

the following steps: 

Step 1: Each input (i.e., each observation, which is called ID in this context) is 

scored using the original ML predictive model. The resulting predicted score is called  

(𝑆𝑜)

Step 2: Calculate feature statistics. The median value is calculated for each numer-

ic feature. The mode value is calculated for each categorical feature 

Step 3: Within each observation, each input feature x is used  to  create two  new 

scores using the original model as follows: 

𝑆𝑥: Predicted score when only feature x is set to its median/mode value while all

other input features are kept at their original values 

𝑆𝑐: Predicted score when all input features except x are set to their median /mode

values. Feature x is kept at its original value 

Step 4: Repeat step 3 for all features within the same observation. Then, repeat the 

process for all observations. 

Step 5: Create one additional score that is a result of setting all featu res to  their 

median/mode values (called 𝑆𝑚). This single score is a common score that will be

used for all observations. 

Step 6: Calculate feature x net impact (𝑌𝑥) using Equation 1. The impact 𝑌𝑥 con-

sists of the impact sign (𝑈𝑥) (Equation 2) multiplied by the absolute impact value. The 

impact value comes from the feature x individual impact and its correlated impact 

with all other features. 

𝑌𝑥 = 𝑈𝑥 ×  |
|𝑆𝑥−𝑆𝑜|+|(𝑆𝑚−𝑆𝑜 )−(𝑆𝑐−𝑆𝑜 )|

𝑆𝑚
| = 𝑈𝑥 ×  |

|𝑆𝑥−𝑆𝑜|+|𝑆𝑚−𝑆𝑐 |

𝑆𝑚
| (1) 
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𝑈𝑥  = {
−1,   if  (|𝑆𝑥 − 𝑆𝑜| ≥  |𝑆𝑚 − 𝑆𝑐 |) 𝑎𝑛𝑑 (𝑆𝑥 ≥  𝑆𝑜)

−1,   if  (|𝑆𝑚 −  𝑆𝑐| ≥  |𝑆𝑥 −  𝑆𝑜|) 𝑎𝑛𝑑 (𝑆𝑚 ≥  𝑆𝑐 )
1,    𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

} (2) 

In order to communicate the underlying mathematical logic for the FIPE algorithm 

that was presented in the above steps, we demonstrate how the feature x impact  is  

calculated in Equation 1, as follows. Figure 1 represents the scores distribution fo r a 

hypothetical ML predictive model. In Figure 1, the individual impact for featu re x is  

obtained in (A), which explains the first part of Equation 1. The correlated impact fo r 

feature x is obtained in (B), which explains the second part in Equation 1. Then , the 

final net impact is normalized by dividing it by  𝑆𝑚, which is the result o f s ett ing all

features to their median/model values, allowing for all features impacts to be evaluat-

ed relative to each other. Both impacts A and B represent isolating the entire effect o f 

feature x on the original predicted score 𝑆𝑜 by eliminating the features’ ext reme val-

ues through adjusting them to their mean/median. 

Fig. 1. Score distribution for hypothetical predictive model along with representation for the 

FIPE feature impact portions and their associated scores 

With respect to the impact sign 𝑈𝑥 that is presented in Equation 2, the larger impact

portion between A and B determines the final sign of the net impact. If A  > B, then  

feature x has a negative impact only when  𝑆𝑥 ≥  𝑆𝑜. This means that removing feature

x impact, which is represented by the score 𝑆𝑥, leads to a higher score compared to the

original score 𝑆𝑜. This in turn indicates that having feature x with it s  curren t  value

reduces the score 𝑆𝑜 from what it should be when x has a normal value (i.e., set to

median/mode value). Using the same logic, when B > A, then feature x impact is 

negative when 𝑆𝑚 ≥  𝑆𝑐.
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The feature impact calculations are repeated over all features for the same observa-

tion. Therefore, each feature will have its own normalized impact that can be com-

pared relative to other features for the same observation. Features then can be ranked 

by positive, negative, or absolute impact. To make the features impact  values more 

interpretable to end users, the features impacts are normalized by dividing each fea-

ture impact 𝑌𝑥 by the maximum feature impact for the same observation. In  the next

section we provide a few examples on the FIPE implementation, and calculate the 

feature impacts. 

3 Examples 

Like many other fields, the healthcare field is full of ML applications − from dis eas e 

or diagnosis prediction to identifying members with a high risk of an emergency  de-

partment (ED) visit or inpatient admission. Regardless of the application, it becomes 

critical to know why the model produced a high prediction for someone enabling 

those making use of the model (care manager, nurse, social worker, etc.) to  p rov ide 

impactful interventions and obtain better engagement with patients. In this section, we 

provide a simplified example using healthcare data to examine the FIPE implementa-

tion. In this example, we have a hypothetical model with 3 inputs and single classifi-

cation output. The model inputs are the person’s age, ED visits in  pas t  1 year, and  

utilization count in past 1 year (doctors’ visits). The model output is simply a raw 

prediction between 0 and 1 for a classification output (i.e., target). 

Table 1 presents sample predicted results (𝑆𝑜) for 3 patients, which have been

anonymized to patient identifications (ID). For the remainder of this section, we will 

calculate and rank the 3 features impact for ID number 1 only. 

Table 1. Sample of three IDs with their input values along with their model predictions 

ID Age ED Visits Utilization count Model Prediction (𝑆𝑜)

1 62 4 7 0.95 

2 66 1 2 0.93 

3 66 4 7 0.92 

ED = Emergency department  

From the FIPE steps detailed in the previous section, the next step is to get the result-

ing score from setting all inputs to their median/mode values. In this case, the median  

values for the entire evaluated population is provided in Table 2, which also provides 

the result score (𝑆𝑚).

Table 2. The median values for the model three inputs and the resulting prediction  

Age ED Visits Utilization count Model Prediction (𝑆𝑚)

66 1 2 0.2 

ED = Emergency department  
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Now, each individual feature will be used to create 2 additional scores derived from 

new settings for the features values. The new observations along with their scores are 

provided in Table 3. The table includes additional columns: (1) the column “featu re 

Name” is to flag the feature used to create the new score, and (2) the column “Score 

Tag” is to provide the type of resulting score for the evaluated feature. As  noted , all 

evaluated features in Table 3 are for the same single ID. 

Table 3. The new observations for the three features and their resulting scores 

ID Age ED Visits Utilization 

count 

Model 

Prediction 

Feature Name Score Tag 

1 66 4 7 0.91 Age 𝑆𝑥

1 62 1 2 0.12 Age 𝑆𝑐

1 62 1 7 0.27 ED Visits 𝑆𝑥

1 66 4 2 0.73 ED Visits 𝑆𝑐

1 62 4 2 0.55 Utilization count  𝑆𝑥

1 66 1 7 0.61 Utilization count  𝑆𝑐

ED = Emergency department  

Based on the different resulting scores, the feature impacts are estimated using Equa-

tions 1 and 2. The detailed calculations for each of the three features are p rovided 

below: 

𝑌𝑥(Age)  =  −1 × |
|0.91 − 0.95| + |0.2 − 0.12|

0.2
|  =  −1 × |

0.04 + 0.08

0.2
|  =  −0.6 

𝑌𝑥(ED Visits)  =  1 × |
|0.27 − 0.95| + |0.2 − 0.73|

0.2
|  =  1 × |

0.68 + 0.53

0.2
|  =  6.05 

𝑌𝑥(Utilization count)  =  1 × |
|0.55 − 0.95| + |0.2 − 0.61|

0.2
|  =  1 × |

0.4 + 0.41

0.2
|  =  4.05 

From the calculated impacts, it is clear the “ED visits” feature has the largest abso-

lute impact. In order to produce more interpretable impact values, the impacts are all 

normalized by dividing each feature impact by the maximum impact value (i.e., in 

this case “ED visits” has the maximum impact equal 6.05). The resulting normalized  

impacts and their absolute ranking are presented in Table 4. 

Table 4. Summary of features impacts, normalized impacts, and their absolute ranks. 

ID Feature Name Impact (𝑌𝑥) Normalized Impact Absolute Rank 

1 Age -0.6 -0.1 3 

1 ED Visits 6.05 1 1 

1 Utilization count  4.05 0.7 2 

ED = Emergency department  
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The examples presented in this section can be populated for each input ID among the 

entire dataset. In the result, the features impacts and ranking that are similar to  thos e 

produced in Table 4 will be available for each ID. Depending on the user preference 

and needs it is necessary to choose the appropriate ranking. In this case, we were in -

terested in the absolute ranking of all three features; however, other applications o f 

this tool may be of interest for features with positive or negative impacts only. 

It is important to emphasize that the FIPE algorithm runs relatively qu ickly , and 

the program should not undergo memory or implementation issues once expanded to  

a large real-world model in an industrial setting. That is because, along with one fixed 

score 𝑆𝑚 that is used for all features, FIPE algorithm creates only two new s cores 𝑆𝑥

and 𝑆𝑐 for each feature to calculate the impact. As opposed to other algorithms  with

expensive calculations and computation time increases exponentially with the number 

of features, FIPE always calculates new observations equal to twice the number o f 

features. 

4 Discussion 

The model prediction explanation for any ML algorithm has been generating concern  

due to the use of advanced predictive models in applications in a divers e variety o f 

fields. This work provides a new algorithm called FIPE for prediction explanation that 

can be applied on any ML model. Besides the importance ranking of all model fea-

tures for an individual prediction, the new FIPE algorithm is easy to  implement  fo r 

any ML technique and runs very quickly. The FIPE algorithm makes what is us ually  

known as a black box ML model to an open and transparent tool. This will essentially 

open new areas of research not just useful for advancing the ML algorithms and  it s 

usage, but also for future effort in trying to understand the behaviors of the underlying 

complex problems. 

FIPE algorithm provides a new tipping point for practical and realistic implementa-

tion of a personalized model explanation. Future effort will be focused around ident i-

fying a standard methodology to evaluate FIPE and other similar algorithms  in  ap-

plied settings. Moreover, the algorithm should be subjectively evaluated on a full ML 

model with a large number of features and concise validation. 
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Abstract. Many widely used numerical algorithms for option pricing
and instrument valuation in finance are computationally expensive. In
this work, we explore a means to lower this computational cost by con-
sidering a data-driven option pricing approach based on artificial neural
networks (ANNs). We consider ANNs for both creating a function ap-
proximation of the instrument valuation and improving significantly the
efficiency of the predictions of instrument pricing. To serve as an exam-
ple, the training of our neural option pricing network is performed by
supervised learning with data sets synthetically generated using the clas-
sical least-squares Monte Carlo (LSMC) algorithm, due to Longstaff &
Schwartz, considered here as a reference high-fidelity model. The trained
ANN is then useful for a fast and inexpensive estimation of the option
valuations, subject to the uncertainty assumed in the model parame-
ters. We empirically report on the speedup and the error rates achieved.
Our experimental results show that ANNs have the potential to provide a
means for a significant speedup with an accuracy close to the high-fidelity
runs using LSMC. Note that, we restrict our experiments to American
option pricing, but as a data-driven approach, ANNs are also well-suited
for a general-purpose function approximation of other instrument types.

Keywords: Option Pricing ·Monte Carlo Simulations ·Artificial Neural
Networks · Machine Learning · American Options.

1 Introduction

In finance, performing instrument valuations requires different and changing
inputs for analysis. This usually implies that, if the cost of one pricing valuation is
computationally expensive, then it may be intractable to perform a large number
of pricing valuations ad hoc. An alternative approach to lower the computational
cost is to use surrogate modelling. The objective in this case is to find a surrogate
model, denoted f̂(x), that approximates well a high-fidelity model, denoted f(x),

such that f(x) = f̂(x) + ε(x), where the errors ε(x) can be uniformly bounded
below an acceptable user-defined error tolerance ε such that ε(x) ≤ ε. As a
potential surrogate model that can meet these requirements, we consider artificial
neural networks (ANNs) [1] and apply them to a particular problem of financial
instrument valuation – option pricing.



To our knowledge the first use of ANNs for option pricing was proposed by
[2], where the ANNs predictive performance to estimate closing prices has been
proved and compared to Black-Scholes model. Similar studies have been later
conducted by [3] for the case of S&P 500 index call options, and by [4] for pricing
European style call options on the FTSE 100 index, both proving that the ANNs
predictive performance is either superior or comparable to Black-Scholes. More
recently, Shuaiqiang et al. [5] also showed empirically that ANNs can estimate
option prices and implied volatilities efficiently and accurately.

In this work, similarly to the mentioned existing works, we investigate how
useful ANNs can be for estimating option pricing. However, we consider a differ-
ent type of options, namely, the pricing of American call options. The focus is
not only on the ANNs predictive performance but also on their computational
efficiency. We examine this accuracy-speed trade-off by carrying out empirical
experiments with computationally expensive Monte Carlo based path simula-
tions with different parameters.

The remainder of this paper is organized as follows: In Section 2 we briefly
present American option pricing. In Section 3 we introduce our application of
ANNs to estimate American option pricing. In Section 4 we present the experi-
mental setup and discuss the results obtained from our synthetically generated
data sets. Finally, we conclude in Section 5.

2 American Option Pricing

An American option is a financial derivative that grants its holder a right to
select the date at which to exercise the option at any time before maturity. We
consider a Vanilla put option on a single underlying share of non-dividend-paying
stock and use Least-Squares Monte Carlo (LSMC) algorithm due to Longstaff
and Schwartz [6] for the valuation. The approximation quality of a Monte Carlo
simulation depends on the number of paths (usually from 100.000 to 1.000.000)
and the number of time steps that depends on the option maturity that might
be daily, weekly or monthly, cf. [7].

In this work, we choose model parameters to simulate a case, where we price
a basket of put options on a different underlying equities. We consider an option
with a fixed strike price and maturity. The risk-free interest rate is also fixed.
For each option, we then draw different values for spot price and volatility of
the underlying. Parameter values are summarized in Table 1.

Table 1. Parameter value ranges for the LSMC model.

Parameter Value range

Spot price (S) [$] S ∈ [60, 100]
Strike price (K) [$] 90
Time to maturity (T ) [years] 0.4167
Risk-free interest rate (r) [%] 0.05
Volatility (σ) [%] σ ∈ [0.06, 0.5397]
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3 Data-driven Option Pricing using ANNs

The valuation of an option can be seen as a supervised learning problem that
consists of finding a function approximation f : x = (x1, x2, ..., xn) 7→ y that
predicts for each input instance x an option price y. In our case, each instance
x corresponds to the aforementioned LSMC model parameter values, and n = 5
denotes the number of these parameters. In order to solve this regression task,
we resort to the use of ANNs [1]. ANNs are biologically inspired models that
become increasingly popular. They consist of interconnected artificial neurons,
grouped into layers, according to different architectures. Typically, as shown in
Figure 1, an ANN consists of: 1) an input layer including ninput neurons: one for
each input variable; 2) one or more hidden layers each including nhidden neurons;
and 3) an output layer including noutput neurons: one for each output variable.
We adopt a heuristic by [8] for setting the number of neurons in each hidden
layer as nhidden = ninput + noutput + 1. Thus, for our option pricing case, we
consider an ANN including an input layer with n = 5 neurons, an output layer
with 1 neuron, and 2 hidden layers with 5 + 1 + 1 = 7 neurons each.

Fig. 1. Illustration of an ANN with two hidden layers.

The training of our neural option pricing network is performed using syn-
thetically sampled data sets using the LSMC algorithm [6], considered here as
a reference high-fidelity model. For the network training, we used the Tensor-
Flow platform [9], where the back-propagation algorithm [10] is employed to find
the ANN hyperparameters (i.e., weights) that minimize the error of the output,
measured by a loss function as the discrepancy between the predicted output ŷ
and the actual one y. As a loss function, we used here the mean squared error
MSE; as activation function, we used the Leaky Rectified Linear Units (Leaky
ReLU); and as optimizer, we used the Adam optimization algorithm, cf. [9].

The ANN training phase can be computationally intensive, however, may be
done offline only once or in an incremental way by resuming the training process
and updating the hyperparameters as needed, e.g, when significant changes occur
in the data. The trained ANN is then useful for a fast and inexpensive estimation
of the option valuations. This price estimation (also known as ANN testing or
prediction phase) can be done online at a low computational cost and comes
with a minimal memory footprint through a single forward pass.
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4 Experiments

In order to evaluate the ANN performance for option pricing, three synthetic
data sets are defined by samples based on simulations with LSMC parameters
in Table 1, 100 time steps and three different path numbers: 10.000, 100.000,
and 1.000.000. Data sets are comprised of scattered data across the parameter
ranges obtained using random sampling. Each data set includes 100.000 samples.
We consider a feed-forward fully connected ANN with 2 hidden layers having
7 neurons each. The ANN training is performed using 80% of the data sets,
while the evaluation of how well the ANN performs on new data is carried out
with the remaining 20%. Two different publicly available settings for LSMC
implementation are used, sequential LSMC using QuantLib1 and an accelerated
parallel LSMC-mGPU using NVIDIA’s CUDA LSMC implementation2. LSMC
is not parallelized and therefore runs sequentially on one core of a 20-core Intel
Xeon CPU. LSMC-mGPU is improved to run as a massively parallel multi-device
implementation that is executed on 8 NVIDIA Tesla V100 GPUs.

Table 2 shows the results comparing LSMC, LSMC-mGPU and ANN models.
Offline time refers to ANN sequential training time, while online time refers to
the option price estimation time. To assess the ANN performance, we report
three error rates: the mean squared error MSE = 1

n

∑n
i=1(yi − ŷi)2, the mean

absolute error MAE = 1
n

∑n
i=1 | yi − ŷi | and the mean absolute percent error

MAPE = 1
n

∑n
i=1 |

yi−ŷi

yi
|.

Table 2. Performance comparison. Offline and online times are reported in seconds.

Model Paths Online time[s] Offline time[s] MSE MAE MAPE [%]

LSMC
10.000

0.97 - - - -
LSMC-mGPU 3.39 ×10−3 - - - -
ANN 15 ×10−6 160 1.31 ×10−3 2.65 ×10−2 4.59

LSMC
100.000

7.26 - - - -
LSMC-mGPU 3.31 ×10−3 - - - -
ANN 15 ×10−6 206 2.29 ×10−3 3.85 ×10−2 2.14

LSMC
1.000.000

31.39 - - - -
LSMC-mGPU 3.09 ×10−3 - - - -
ANN 18 ×10−6 213 1.24 ×10−3 2.99 ×10−2 4.69

From Table 2, it is clear that the online running time of the ANN model
when used for inference runs sequentially and outperforms the LSMC algorithms
especially when a higher number of paths is considered. In fact, with 1.000.000
that is often recommended as a default setting, the ANN achieves an impressive
estimated ×172 online speedup compared to the state-of-the-art LSMC-mGPU
implementation. The offline running time related to the training of the ANN
model is also quite fast with less than 4 minutes for all cases. In addition, ANNs

1 QuantLib library for quantitative finance. http://www.quantlib.org
2 NVIDIA’s CUDA LSMC implementation. https://github.com/

NVIDIA-developer-blog/code-samples/tree/master/posts/american-options
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predictive performance measured using MSE/MAE shows small loss. The relative
average error MAPE is below 5% compared to the values obtained in the high-
fidelity runs. These results show that it is possible to achieve high-performance
and good accuracy at a low computational cost, since LSMC requires access
to GPU hardware, whereas the ANN can be easily deployed for fast repetitive
executions on available system setups.

5 Conclusion

In this paper, we have studied how to improve numerical efficiency by reducing
the need for expensive pricing evaluations through using ANNs that are inexpen-
sive to evaluate, however, may be influenced by approximation errors. The ANN
training cost is dependent on the data generation process using the LSMC algo-
rithm, which comes with a computational cost that can be significantly lowered
using high-performance computing.

In ongoing work, we intend to carry out additional experiments with extract-
ing the relevant information from real data sets, investigate further the use of
surrogate models such as ANNs for accelerated pricing valuations, and compare
their performance against ANN models in the context of practical work flows.
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Abstract. Many tasks in data analytics require finding data instances
that are similar to each other in some way. However, similarity is often an
inexact and subjective concept which can vastly depend on one’s opinions
and intent. Such intent can often be mapped to a set of prominent object
features or attributes that dominantly quantify the between-object sim-
ilarity. Uncovering such intent therefore translates to identifying these
important object attributes where the user’s intent is embedded. Prior
work in this area either resorts to domain experts to manually identify
key attributes or requires carefully estimating an accurate distance value
between objects, both of which are noticeably difficult to put in practice.
In this work, we propose an intent-identification framework called Com-
parative Lookup and User-intent Extraction System (CLUES), which,
through a series of interactive comparisons, extracts the weights that
describe the importance of features and reflect the user’s intent. This
in turn enables quantification of object similarity. CLUES is straight-
forward to use, as it only asks as inputs for object comparisons, which
are usually easier to perform than specifying an accurate between-object
distance. Experimental results demonstrated for both a synthetic dataset
and a real-world dataset confirmed that intent-reflecting feature weights
can be recovered accurately with reasonable numbers of object compar-
isons. We also discuss promising future directions for the present work
in progress.

Keywords: similarity quantification · feature importance detection ·
interactive visualization · intent discovery.

1 Introduction

Measuring or quantifying similarity among data instances plays an important
role in many tasks in data analytics, including information retrieval, object clus-
tering, data visualization, anomaly detection, among others. For example, in the
task of clustering, similarity between data instances or objects is used to divide
the set of objects into homogeneous groups in a way that each group contains
objects that are more similar to each other than to objects in a different group.



This allows properties of objects in the same group to be inferred by their sim-
ilarity. Also, recommendations can be made based on the group membership.
Another important use of similarity detection is root-cause analysis of failure
events, in which past events that are similar to the current failure event must
be quickly retrieved to aid the identification of the failure cause and recommend
potential solutions.

Despite its prominent role in data analytics, similarity quantification remains
a challenging task, as it is usually an inexact concept that can heavily depend on
subjective opinions. To illustrate this, consider classifying a set of different foods
based on their similarity. Different people may deliver different classification
results, as their judgment on food similarity can vary widely. For example, Jane
may classify the foods based on their color, so that an apple and a hot pepper
fall in the same group. James, on the other hand, may classify the fruits based on
their sweetness, and now an apple and a hot pepper belong to different groups.
This illustrative example identifies the fact that a person’s opinions and intent,
while being highly subjective, are often an indispensable part in quantifying
similarity. This hints at the need to uncover the intent of a user to better quantify
similarity for data analytics tasks, which in turn can deliver results that better
suits the user’s needs.

This paper presents an interactive system called Comparative Lookup and
User-intent Extraction System (CLUES) to tackle the preceding problem. It
does so by actively asking for inputs from a user which hint at his/her intent. It
then updates its definition of object similarity in a way that best reflects the la-
tent user intent. The type of inputs that the user provides are answers to a series
of comparative questions, in which some sampled objects are presented for sim-
ilarity comparison. The process is iterative, and can continue until satisfactory
outcomes have been obtained.

The rest of this paper is organized as follows. Section 2 provides some back-
ground and describes related work, which further motivates our work. Section 3
details CLUES, our proposed framework for similarity quantification based on
user intent. Experimental results on both synthetic data and real-world data are
given in Section 4, which also provides promising future directions for this work
in progress. Finally, Section 5 summarizes the paper and draws some conclusions.

2 Background and Motivation

The basis of our work is quantifying the similarity in multivariable objects. For
example, consider the simple case where we are presented with a set of geomet-
ric objects, each being described by three features: color, shape and size. If we
are to cluster these objects based on their similarity, there could be multiple
reasonable ways to perform this task, as we have briefly discussed in Section 1.
For instance, one can group objects that are similar in color, in which case the
clustering outcome is given in Fig. 1a. Similarly, it is also reasonable to group
these objects based on size or shape; see Fig. 1b-c. The foregoing example high-
lights the fact that there is inherent ambiguity embedded in tasks that require
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Fig. 1. Geometric objects grouped by (a) color, by (b) size, and by (c) shape, respec-
tively.

Fig. 2. 2D visualization of geometric objects based on their color and shape.

similarity measure, which can depend on a user’s intent. The key to addressing
such ambiguity is to inquire information from the user to help quantify similar-
ity. Although similarity quantification looks trivial for this simple example, this
task can be far more complex for real-world applications, as each data instance
can be high dimensional with attributes that interact with each other via the
user’s latent intent in an unexpected way.

It is important to note that similarity between a pair of objects is a direct
reflection of the distance between their feature representations and identifica-
tion of important features. Objects that are similar can be thought as ”close” in
distance. Thus, the problem of quantifying object similarity can be easily trans-
lated to defining a reasonable distance function. In practice, however, defining an
appropriate distance function is a vexing problem. This is mainly because many
candidate distance functions, including linear and non-linear ones, are available,
and each of them can have a very different performance implication depending
on the target task and the nature of data features, e.g. whether they are cate-
gorical or numerical. In this work, we assume that the distance between a pair
of objects takes the form of a weighted sum of difference in individual features.
This allows us to formulate the problem of finding a user’s intent as a task of
recovering the weights for each feature; a large weight implies that the associated
feature is deemed important.

Several prior works have attempted to incorporate user’s intent to define the
distance between objects. Visual to Parametric Interaction (V2PI) [1] provides
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a generic framework for data analytics that explicitly incorporates a user as part
of the pipeline. A user can observe a visualized outcome, and actively provides
feedback which the system can account for when regenerating a new visualiza-
tion. This makes data analytics an iterative process with the interaction between
the system and the user being bidirectional. Andromeda, described in [2], is also
an interactive system in which a user can manipulate objects visualized on a 2D
plane enabled by multi-dimensional scaling (MDS)[6], so to provide feedback to
the data analysis system. Specifically, the user can not only manage the parame-
ters of the system, but also directly move the objects on the plane to a new place,
based on which the system will adjust the parameters to best accommodate the
objects’ new locations. However, an applicability limitation of this methodology
is that the absolute distance between a pair of objects is not always apparent.
For example, it can be very hard for a user to determine the exact numerical
distance between an apple and a banana in the food example. In other words,
using Andromeda to adjust object distances can sometimes bear the challenging
requirement of knowing the exact values of the distances. Another promising
method called CHISSL, described in [3], is an interactive clustering system that
allows a user to reassign an object to an appropriate cluster based on the user’s
intent. The system can then adjust its parameters to accommodate for the new
clustering results enforced by the user. However, this method only applies to
clustering tasks in which objects can be explicitly assigned to some groups. It
does not apply to other scenarios such as the data visualization task shown in
Fig. 2, in which objects do not have an apparent cluster membership, and their
location distribution on the plane is widely dispersed.

In this paper, we aim at overcoming the limitations posed by the preceding
methods. We propose an interactive framework called CLUES for data analysis
that can draw conclusions on object similarity that best reflects the user’s intent.
It does so by presenting a series of sets of objects to the user, who is then asked
to compare the relative distance among these objects. This avoids the need of
providing an exact numerical distance or cluster membership for these objects.
One of the major advantages that CLUES has is that it is easy to use, as it is
usually far easier to make comparisons than to draw precise conclusions.

3 Framework for Intent Discovery

This section describes CLUES, the proposed framework for uncovering the user’s
intent on similarity measure.

3.1 Framework Setup

CLUES is a metric-incubating method that actively asks a user to compare the
similarity of a chosen set of object instances, based on which the distance between
a pair of objects will adjust. Specifically, CLUES considers a dataset comprised
of n objects o1, o2, ..., on, each of which is characterized by a p-dimensional

feature vector oi = [o
(1)
i , o

(2)
i , ..., o

(p)
i ]T . Each feature can be either numerical or
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Algorithm 1 Pseudo-algorithm for CLUES

1: Input: dataset D; LASSO coefficient λ; time budget tmax

2: Initialization: randomize weights w; compared set C ← ∅; t← 0
3: while t < tmax and satisfactory results not achieved do
4: t← t+ 1
5: Draw a tuple {i, j, h} /∈ C; Here oi, oj , oh ∈ D.
6: r ← user’s response to the inquiry formed by {i, j, h}
7: if r = SKIP then
8: continue
9: else if r = “ oi is closer to oh than oj is” then

10: Add {i, j, h} to C; Associate {i, j, h} with attenuation factor βi,j,h,t
11: else
12: Add {j, i, h} to C; Associate {j, i, h} with attenuation factor βj,i,h,t
13: end if
14: update w as a solution to Optimization Problem (2)
15: end while
16: Output: weight vector w

categorical. Pairwise similarity between two objects is defined by the distance
function

Di,j = w · di,j =

p∑
k=1

wkd
(k)
i,j (1)

where each wk ∈ [0, 1] is a numerical weight that hints at how important the

feature o
(k)
i is in defining the distance between objects. d

(k)
i,j = d(o

(k)
i , o

(k)
j ) is a

user-chosen distance metric defined on a pair of features of a certain type. For

illustration purposes, this work uses `2 norm d
(k)
i,j = ‖o(k)i − o

(k)
j ‖2 for numerical

features and categorical difference d
(k)
i,j = 1{o(k)

i 6=o
(k)
j }

(o
(k)
i , o

(k)
j ) for categorical

features.
The distance between a pair of objects defined in Eq. (1) is in essence a

weighted sum of these objects’ individual feature distances. As mentioned pre-
viously, the weights can be used to rank the importance of the features. In other
words, weights implicitly reflect the user’s intent.

3.2 User-supplied Comparative Information

CLUES works interactively with the user to find the set of weights for Eq. (1).
It does so by first presenting a comparative question which the user can answer
or skip. Based on the user’s response, CLUES then updates the weights and
presents another comparative question. This iterative process continues until
the user is satisfied with the findings or the time budget is exhausted.

Each user response to a comparative question provides partial information
about the value of the weights. Specifically, a comparative question asks the user
to input new information by comparing three objects: an anchor object oh and
two comparative objects oi and oj . The user compares by indicating whether oi
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is closer to oh or oj is closer to oh. If oi is closer, then this comparative input
translates to the constraint w · dj,h ≥ w · di,h. Otherwise, this constraint will
be w · di,h ≥ w · dj,h. The constraints collected over multiple iterations will
jointly form an optimization objective, whose solution can be used to identify
possible values for the weights wk, and hence the user’s intent. Specifically, each
constraint of “oi being closer to oh” is associated with a penalty term βi,j,h,t0 ·
max{0,w ·di,h−w ·dj,h}, where βi,j,h,t0 is an attenuation factor that decreases
over iterations t. We will discuss the rationale and more details about attenuation
later in Section3.3. The term max{0,w·di,h−w·dj,h} produces a positive penalty
value, if the current weights suggest that “oj is closer to oh” which goes against
the user’s input. Otherwise, this term will be 0. We denote a set of compared
objects collected so far as C, so that the tuple {i, j, h} ∈ C, if the constraint “oi
is closer to oh than oj” has been provided by the user. The overall objective
function can then formulated as:

arg min
w

∑
i,j,h:{i,j,h}∈C

βi,j,h,t0 ·max{0,w · di,h −w · dj,h}+ λ‖w‖1 (2)

s.t.‖w‖2 = 1, wk ≥ 0 ∀ k

where a non-negative constraint and a unity constraint are explicitly imposed
on each weight and the weight vector, respectively. The objective function also
optionally includes a LASSO penalty placed on the weights to enforce sparsity
for better understanding the user’s intent. Intuitively, the optimization objective
Eq. (2) is intended to find such weights that, when used to induce the pairwise
distance for objects, satisfy the distance constraints provided by the user. Finally,
the objective Eq. (2) is solved by subgradient methods, as it is not differentiable
at all points. Algorithm 1 summarizes CLUES.

3.3 Conflict Handling

A close look at the comparative questions reveals that in some cases, it can
be very challenging or impossible for a user to compare without going against
his/her intent. In this section, we examine some of these “difficult” cases, and
provide solutions to them.

Anchor Switching: Consider the scenario where the user is presented with a
comparative question where, in the user’s mind, the two comparative objects oi
and oj are much more similar than anyone of them and the anchor object oh are;
see Fig. 3. Further, the distance between oi and oh and the distance between oj
and oh can both be relatively large, making them difficult to compare. In this
case, the user can opt to replace the anchor object with one of the comparative
object. As shown in the figure, this may ease the comparison decision for the
user.
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Fig. 3. Switching the anchor to ease the comparison process.

Fig. 4. Difficult comparison scenario that anchor switching does not resolve. Here, the
user is interested in hair length, eye color and whether smiling or not, but not interested
in other features like gender, face angle, hair color, age, etc.

Skipping: Another scenario of comparative question that is hard to respond is
given in Fig. 4. Here, for illustration purposes, we assume the user’s latent intent
is to find faces that are similar in hair length, eye color and whether the person is
smiling or not. The user is not interested in other facial features such as gender,
hair color, facial angle, age, etc. However, the objects presented are pairwise
similar in a specific feature. Specifically, Face I and Face H are similar in hair
length, Face I and Face J are similar in eye color, while Face J and Face H are
similar in whether the person is smiling or not. Setting Face H to be the anchor
object result in the dilemma that it has both similarities and dissimilarities with
both of the comparative objects, making the comparison hard. This problem,
unfortunately, cannot be solved simply by anchor switching. In this case, the
user may choose to skip the comparison. It is noteworthy that skipping also
applies to those cases where anchor switching can be used, as the user may not
always be aware of the opportunities for anchor switching.

Constraint Attenuation: Recall that in Eq. (2), each user-supplied constraint
is associated with an attenuation factor βi,j,h,t0 that decreases over time. The
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user is human and can be prone to making mistakes. The attenuation factor al-
lows mistakes made previously to have a lesser impact, and eventually be forgot-
ten. It also prevents the solution from being unstable as mistakes tend to produce
conflicting constraints that can lead to slow finding of weights. While in general,
any positive but decreasing sequence can serve the purpose of attenuation, in
this work we adopt a constant attenuation factor, i.e. βi,j,h,t0(t) = αi,j,h

t−t0 ,
where αi,j,h ∈ (0, 1].

4 Experimentation

We assessed the performance of CLUES using both a synthetic dataset and a
real-world dataset. Specifically, the synthetic dataset comprises objects whose
features are each generated according to a Gaussian-mixture distribution. The
real-world dataset is a subset of a data repository, PubFig [4], containing facial
images of public figures.

4.1 Datasets

Synthetic Gaussian-mixture Dataset: This dataset contains 500 synthetic
objects, each characterized by 10 features. Each of these features is generated
according to a Gaussian mixture model.

PubFig Data: The PubFig dataset [4] contains 140 public figures with over 57K
images collected from various internet sources. Each image has 73 descriptors,
with most of them being visually related and labeled using Amazon Mechanical
Turks [5], a popular crowd-sourcing platform that allows users to get paid by
completing labeling work. The labeled visual descriptors are mostly binary, e.g.
long hair versus short hair. Subsequent to the label collection, a Support Vector
Machine (SVM)[7] classifier was constructed for each descriptor. The final at-
tribute value for each descriptor is the distance from the corresponding object to
the SVM boundary. Consequently, the attribute values are continuous and can
be either negative or positive depending on which side of the SVM boundary
the object lies. For illustration purposes, we chose 128 random images and ten
prominent and visually identifiable attributes for assessing CLUES. These at-
tributes include gender, skin and hair color, and facial expressions like whether
smiling or not and whether the teeth are visible or not.

4.2 Evaluating CLUES via Emulation

To facilitate the performance assessment, we emulated a human user that re-
sponds to CLUES’s inquiry based on some predefined standard. Specifically, the
emulator first randomly determines a set of ground-truth weights that indicate
the importance of object features. This way, when presented with a compara-
tive inquiry, the emulator can compare and respond in a consistent manner. It
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Fig. 5. Performance evaluation against numbers of user responses for a single trial on
the synthetic dataset using the metrics (a) delta weight, and (b) satisfaction ratio,
respectively.

does so by using the hidden ground-truth weights to compute the ground-truth
distances between the objects presented to it. CLUES, on the other hand, ran-
domly initializes the weights it stores that are later to be recovered. CLUES
then keeps asking new comparative questions without replacement, and records
the responses it receives from the emulator. The weights stored in CLUES sys-
tem will then be updated according to the optimization objective given in Eq.
(2). The performance of CLUES is then assessed based on the quality of the
recovered weights. This can be done either by comparing the weights recovered
by CLUES against the ground-truth weights predefined by the emulator, or by
using the proposed Satisfaction Ratio score, which we discuss next.

4.3 Performance Assessment Using Satisfaction Ratios

In fact, it can be shown that it is not possible in general to recover the ground-
truth weights exactly simply based on user responses to comparative inquiries,
as there may exist several different weight vectors that satisfy the constraints
formed by the user responses to the comparative inquiries. To avoid the pre-
ceding issue in evaluating CLUES, we proposed to use a devised measure score
called Satisfaction Ratio (SR) alongside with the weight difference. In a nut-
shell, SR is the percentage of satisfied distance constraints, where distances are
induced by the recovered weights. More specifically, recall that the emulator in-
troduced previously assumes a ground-truth weight vector. For any {oi, oj , oh}
with oh being an anchor object and oi, oj being a pair of comparative objects,
the ground-truth weights can be used to dictate the comparison result made on
{oi, oj , oh}. Also, using the recovered weights, one can also obtain a comparison
result predicted by CLUES on {oi, oj , oh}. SR is simply the percentage of all
possible object sets {oi, oj , oh} where the comparison results provided by the
emulator and that predicted by CLUES’s recovered weights match. Fig. 5 plots
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Fig. 6. Satisfaction Ratio achieved by CLUES in multiple trials on (a) Gaussian-
mixture dataset, and (b) PubFig dataset, respectively.

the two evaluation metrics, namely delta weight and SR, against the number
of inquiries for a single trial on the synthetic dataset. Here, delta weight is the
metric we used for weight difference, which is the sum of the absolute difference
between the ground-truth weight vector and the recovered weight vector. Obvi-
ously, as the user responds to more comparative inquiries, CLUES accumulates
more information which improves the quality of the recovered weights. This is
reflected on both delta weight and SR, as the former decreases and the latter
increases with the number of user responses. Similar results were obtained by
applying the emulator to both the Gaussian-mixture dataset and the PubFig
dataset for multiple trials; see Fig. 6. Specifically, in both datasets, each object
was characterized by a selected set of ten features, with two of them randomly
chosen to be deemed as important by the emulator. As suggested by Fig. 6,
high SRs were achieved for both datasets in all trial runs within hundreds of
user responses to randomly generated comparative inquiries, whereas the total
possible comparative inquires can be more than thousands.

4.4 Observations and Next Steps

From the plots in Fig. 5 and Fig. 6, we note that there are obvious jumps and
flat regions in the curves. This suggests that sometimes a response provides no
additional information at all as the distance constraints formed by some user
responses may have already been asserted by previously formed constraints.
Also, among those useful responses, some are more informative than others, as
can be seen from the sudden jumps appearing in the curves of both Fig. 5 and
Fig. 6. This can be attributed to the fact that comparisons made on objects that
are more distinctive tend to provide more hints on the user’s intent, resulting in
a boost in the SR score. We also note that while CLUES usually achieves good
SR eventually, it may require an excessive number of user responses to do so.
This is because the objects chosen for comparison were randomly selected.

182



Fig. 7. Face Similarity visualisation using MDS representation

The preceding observations strongly suggest that if we carefully choose the
objects to compare, one can achieve a good SR score with a relatively small num-
ber of user responses. In fact, for the PubFig dataset, we handpicked three rep-
resentative comparative inquiries and found that they were sufficient for CLUES
to achieve an SR score of 93% . This convinced us that further investigation is
needed on how to sample objects to compare wisely so that good SR scores can
be achieved with a very few number of user responses.

To further assess the quality of the weights recovered based on only those
three user responses, we visualized the 128 images from the PubFig dataset on
a 2D plane via MDS, which attempts to preserve the pairwise distances induced
by the recovered weights; see Fig. 7. Here, the ground-truth weights dictate
that ”gender” and ”whether smiling or not” are the two important features that
reflect the user’s intent. As can be seen from Fig. 7, the visualization enabled
by the recovered weights clearly identifies ”gender” and ”whether smiling or
not” as the focused features. Specifically, the directions highlighted by the two
solid-line arrows correspond to the axes for attribute values of ”gender” and
”whether smiling or not,” respectively. Fig. 7 also provides some sample face
images, which confirm the fact that these image objects are distributed based
on their similarity in the two features. For instance, Face E and Face F are both
male/smiling faces, and are located close to each other. Face A and Face C, both
male with a neutral expression of smiling, also appear close to each other, but
they are further away from Face E and Face F.

5 Summary and Conclusions

Finding similar objects in a large corpus of data is often an important task in
data analytics. This task vastly depends on quantification of object similarity,
which however, is very difficult and highly subjective to a user’s intent. Finding
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a suitable between-object distance function and an intuitive way to translate
and encode users’ intent to the distance function also presents huge challenges.
This paper proposed a framework called CLUES to address the preceding issues.
Specifically, it assumes a distance function formed by a weighted sum of individ-
ual feature differences, where the weights are intended to reflect a user’s intent.
It then incorporates the user’s intent by asking the user to compare sampled
objects, whose results can be used to recover the weights. Our prelimary results
showed that CLUES is able to recover feature weights with satisfactory accu-
racy and high SR scores. This paper also suggests that wisely sampling what
to compare can greatly reduce the number of user responses required for a high
SR score; this provides a promising direction for future research. CLUES is gen-
eral and can be applied to a wide range of datasets for intent-aware similarity
quantification, an important task that improves data analytics applications like
clustering and analysis of failure root cause.
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Abstract. Mining gene expression profiles has proven valuable for identifying 

signatures serving as surrogates of cancer phenotypes. However, the similarities 

of such signatures across different cancer types have not been strong enough to 

conclude that they represent a universal biological mechanism shared among 

multiple cancer types. Here we describe a network-based approach that explores 

gene-to-gene connections in multiple cancer datasets while maximizing the 

overall association of the subnetwork with clinical outcomes. With the dataset 

of The Cancer Genome Atlas (TCGA), we studied the characteristics of com-

mon gene expression of three types of cancers: Rectum adenocarcinoma 

(READ), Breast invasive carcinoma (BRCA) and Colon adenocarcinoma 

(COAD). By analyzing several pairs of highly correlated genes after filtering 

and clustering work, we found that the co-expressed genes across multiple types 

of cancers point to particular biological mechanisms related to cancer cell pro-

gression, suggesting that they represent important attributes of cancer in need of 

being elucidated for potential applications in diagnostic, prognostic and thera-

peutic products applicable to multiple cancer types. 

Keywords: Gene Expression Signature, Gene Network, Cancer. 

1 Introduction 

Cancer is known to be not just one disease, but many diseases, as evidenced by the 

diversity of its pathological manifestations. With the goal of clinically stratifying 

samples into risk groups, several gene expression biomarkers have been proposed for 

a large variety of cancer types [1, 2]. Most biomarkers have been identified and de-

signed for a specific type of cancer, but it has been appreciated that there exist some 

unifying capabilities or “hallmarks” that can be used as tumor markers, characterizing 

all cancers because they exhibit similar biomolecular phenotypes [3]. Furthermore, it 

has been recognized that gene expression signatures resulting from analysis of cancer 

datasets can serve as surrogates of cancer phenotypes [4]. Therefore, it is reasonable 

to hypothesize that computational analysis of rich biomolecular cancer datasets may 

reveal signatures that are shared across many cancer types and are associated with 

specific cancer phenotypes, and are related to sustaining proliferative, insensitivity to 

anti-growth signals, metastasis, and etc [3].  



Gene expression signatures that can be applied for a broad range of cancers could 

be highly useful in research and clinical settings. In clinics, such signatures may serve 

as a standard assessment for facilitating the interpretation and broad application of 

laboratory test results, simplifying laboratory protocols, and reducing costs. In re-

search, these signatures may help to elucidate broadly observed biological mecha-

nisms and possible drug targets [8].  

With the availability of rich data sets from many different cancer types provides an 

opportunity for thorough computational data mining in search of such common pat-

terns. Distinct algorithms and strategies have been used to identify common gene 

expression signatures: regulatory network [5], clustering approaches [6] and other 

related techniques. In this paper, we use gene co-expression network and develop a 

statistical method of common gene expression signature analysis for multiple types of 

cancer.  

Previous research evaluates such common patterns within a couple of cancer types 

[7, 8], but never explore the following three cancer types together: Colon adenocarci-

noma (COAD), Rectum adenocarcinoma (READ) and Breast invasive carcinoma 

(BRCA). In this paper, we use the above three types of cancer for experiment.  Our 

purpose is to identify gene expression pattern across multi-cancers, and reveal hall-

marks of cancer, and thus helps to find bio-markers associated with different types of 

cancer, and contributes to the prognosis of cancer. 

2 Method 

A co-expression network identifies which genes have a tendency to show a coordinat-

ed expression pattern across a group of samples. This co-expression network can be 

represented as a gene–gene similarity matrix, which can be used in downstream anal-

yses [9]. Canonical co-expression network construction and analyses can be described 

with the following three steps.  

To begin with, one needs to define a measure of similarity between the gene ex-

pression profiles. This similarity measures the level of concordance between gene 

expression profiles across the experiments. Individual relationships between genes are 

defined based on correlation measures [29] or mutual information [10] between each 

pair of genes. Different measures of correlation have been used to construct networks, 

including Pearson’s or Spearman’s correlations [11]. Alternatively, least absolute 

error regression [12] or a Bayesian approach [13] can be used to construct a co-

expression network [14]. In this paper, we use the commonly used Pearson’s correla-

tion as follows: 

𝜏 =
1

𝑛
∑(

𝑥𝑖 − �̅�

𝜎𝑥
)(
𝑦𝑖 − �̅�

𝜎𝑦
)

𝑛

𝑖=1

 

where 𝜎𝑥 is the standard deviation of x and 𝜎𝑦is the standard deviation of y.

In the second step, co-expression associations are used to construct a network 

where each node represents a gene and each edge represents the presence and the 
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strength of the co-expression relationship [15]. In order to filter out the genes that are 

not related to cancer, we select genes expressed differently between cancer samples 

and normal samples with T-test. To get the common gene expression signatures, we 

choose the genes existed in all the types of cancer samples. 

In the third step, modules (groups of co-expressed genes) are identified using one 

of several available clustering techniques. Clustering in co-expression analyses is 

used to group genes with similar expression patterns across multiple samples to pro-

duce groups of co-expressed genes rather than only pairs. The clustering method 

needs to be chosen with consideration because it can greatly influence the outcome 

and meaning of the analysis. Many clustering methods are available, such as k-means, 

self-organizing maps (SOM) and etc. In this paper, we use k-means as our clustering 

algorithm because it is faster and produce tighter clusters than other clustering meth-

ods [23, 24, 25]. Modules can subsequently be interpreted by functional enrichment 

analysis, a method to identify and rank overrepresented functional categories in a list 

of genes [16, 17]. 

3 Experiment 

The datasets we used in our experiments are the level 3 data of three types of cancer 

from The Cancer Genome Atlas (TCGA): Rectum adenocarcinoma (READ), Breast 

invasive carcinoma (BRCA) and Colon adenocarcinoma (COAD). For each type of 

cancer, cancer samples and normal samples are randomly picked up from the same 

batch. Table 1 lists the number of selected genes and samples. 

Table 1. Number of genes and samples selected 

No Cancer Gene Number Caner Sample Normal Sample 

1 BCRA 17814 10 10 

2 COAD 17814 10 10 

3 READ 17814 10 3 

Total 53442 30 23 

The database does not supply enough number of normal samples for READ, so we 

only use three normal samples as the comparison with cancer samples. Besides, all the 

gene expression data are detected by Agilent microarrays with the same processing 

and normalization way by the following formula shows, so they are comparable. 

𝑙𝑜𝑔2 (
𝐶𝑦5

𝐶𝑦3
) = 𝑙𝑜𝑔2 (

𝑠𝑎𝑚𝑝𝑙𝑒

𝑐𝑜𝑛𝑡𝑟𝑜𝑙
) 
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3.1 Find Genes Expressed Differently between Cancer and Normal Samples 

Firstly, we want to find the genes expressed differently between cancer and normal 

samples since these genes are more possible to be the target genes than those with the 

similar expressions between cancer samples and normal samples.  

T-test can be used here to determine if two sets of data are significantly different

from each other. Before doing T-test, we need to use F-test to examine the homogene-

ity of variance between two data sets. We select the data with p value larger than 0.05 

after T-test. Table 2 shows the number of genes left.  

Table 2. Number of genes left after t-test 

No Gene Original After F-test After T-test 

1 BCRA 17814 12208 4535 

2 COAD 17814 12721 6635 

3 READ 17814 16349 4939 

Total 53442 41278 16109 

3.2 Select Common Genes among Different Cancers 

Next, we select the genes appeared in all the three gene sets and called them “com-

mon genes”, because we are interested in finding the common patterns across multiple 

cancer types. 878 common genes are then selected from 16109 genes obtained in last 

step after T-test. Table 3 lists the results.  

Table 3. Number of genes appeared in different cancer sets 

Genes Number 

Appear in Only One Cancers 6676 

Appear in Only Two Cancers 3398 

Appear in All Three Cancers 878 

We then list the cancer samples expressed by each gene of the three types of cancers, 

and obtain a gene-expression matrix with 878 rows and 30 columns, where the gene 

expression data of each type of cancer are represented by 10 columns of values. 

3.3 Cluster Common Genes 

With the common gene expression matrix, we can find the closely related genes with 

similar gene expression through clustering, which might give us clues of seeking bio-

events for cancers. We use Pearson Correlation as the gene similarity metric and k-

means as the clustering algorithm with the number of clusters set to 20. We use the 

SPSS Statistics software package (version 22) to process the data and export the anal-

ysis results. After clustering, we have 814 genes valid (92.7 %) and 64 genes missing 
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(7.3%). It shows that most of the genes have high correlation and can be clustered into 

multiple groups. Fig. 1 shows the gene network. 

Fig. 1. Common gene network of selected 878 genes 

In each cluster, we chose the pair of genes with highest coefficient as Table 4 shows. 

These genes may be related to the cancer specific bio-events, and we will discuss the 

significance of them in next section. 

Table 4. Pair of genes with highest coefficient in each cluster 

Cluster Pair of Genes Coefficient 

Cluster1 MT1H MT1B 0.984 

Cluster2 PTTG3 PTTG1 0.982 

Cluster3 PDGFD APOD 0.941 

… … … … 

Cluster20 FBLN5 RBMS3 0.935 

3.4 Cluster Samples 

Besides clustering genes, we also try to find whether there are some interesting results 

by clustering samples. We first transpose gene-expression matrix, and then use the 

Pearson Correlation as the similarity metric and Between-Groups Linkage as the clus-

tering algorithm. We only have 1 case missing and obtained a valid rate of 96.7 % for 

all the 30 samples. Figure 2 shows the dendrogram of clustering result. We can see 

that there are basically two groups of samples after clustering.  

The significance of the clustering is evaluated by its statistical results. The results 

are basically classified into two classes: “between groups” and “within groups” val-

ues. We want the clusters with short “within group” linkage and long “between 

group” linkage. There are only one sample out of thirty with p value larger than 0.05: 
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READ-TCGA-AF-3400-01A-01R-0821-07 with 0.8. The p values of the all rest sam-

ples are less than 0.05, making the clustering significance to be 96.7%.  

Fig. 2. Dendrogram of the clustering result 

4 Analysis 

We respectively choose three pairs of genes from three clusters: APOD and PDGFD, 

RBMS3 and FBLN5, TUBB6 and DDR2. Genes in each pair are highly related to 

each other, meaning their expression patterns are similar in all cases. As shown in Fig 

3, each pair of genes is positively related under each type of cancer. Additionally, the 

values and relationships of gene expressions are closer in cancer COAD and READ, 

and separated from BRCA. It corresponds to the fact that rectum is a part of colon, so 

the origins of COAD and READ are closer, and they may share lots of commons. 
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Fig. 3. Gene co-expression in three types of cancers 

Let’s focus on each pair of genes separately. In the first pair, PDGFD encodes platelet 

derived growth factor D, which promotes cancer progression [19]. Compared to nor-

mal samples, PDGFD is down regulated in the cancer samples. However, it makes no 

sense because cancer cells tend to grow rapidly and uncontrolledly, so it may up-

regulate the gene expression of growth factors. APOD – apolipoprotein D is a good 

prognostic marker, and it is expressed differently in COAD and READ cancer sam-

ples, which may represent different patient prognosis conditions.  Other genes such as 

FBLN5 – fibulin 5, plays a role in proliferation, migration and invasion [20], TUBB6 

– tubulin beta 6, malignant transformation and drug resistance and DDR2 – discoidin

domain receptor try kinase 2, which promotes matastasis. According to the other re-

search, all these genes should contribute to cancer cells progression, but they are

down regulated in the cancer samples. It may be explained by fact that patients are

receiving treatments and they are turning good, so the genes promoting cancer pro-

gression are down regulated. In terms of RBMS3 – single stranded interacting protein

3 that inhibits cell proliferation is also down regulated, but it makes sense because this
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protein is encoded by the gene serve as a tumor suppressor. Figure 4 shows the differ-

ence of these gene expressed in normal and cancer samples. 

PDGFD 

APOD 

RBMS3 

FBLN5 

TUBB6 

DDR2 

Fig. 4. Gene expression in normal (blue color) and cancer samples (red color) for three types of 

cancer: COAD, READ and BRCA 
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From the clustering result of sample in Figure 2, we can see that COAD and READ 

have closer relationships, and the patients of these two cancers mix together, while 

BRCA forms a separate cluster as Table 5 shows, that is an evidence of the above 

analysis. 

Table 5. Clustering results of samples 

Cluster 
Number of Cancer Samples 

COAD READ BRCA 

Cluster1 10 9 0 

Cluster2 0 0 10 

5 Discussion 

We study the real functions of the genes selected from each cluster by searching the 

National Center for Biotechnology Information (NCBI) database, and pay more atten-

tion to the genes that are cell essential or related to disease. In one cluster, two genes 

are found related to tumor suppression and migration. FLNA encodes filamin A, al-

pha, that is involved in remodeling the cytoskeleton to effect changes in cell shape 

and migration. Previous research shows that FLNA plays an important role in cancer 

proliferation and metastasis [18]. FLNA also interacts with oncogenesis and metasta-

sis related proteins, meaning that it is essential for cancer progression. GAS1 is 

growth arrest-specific 1 which encodes GAS1 protein to blocks cells to enter S phase, 

so it is considered as a tumor suppress gene, and previous research suggests that 

GAS1 expression significantly reduce the colony-forming ability of gastric cancer 

cells in vitro and cell growth in vivo [21]. In Figure 5, we can see that in BRCA can-

cer, FLNA and GAS1 are positive related. In COAD and READ, it seems that FLNA 

and GAS1 do not have any relevance but their expression values are close to each 

other according to the dataset.  

Fig. 5. Expression of gene FLNA and GAS1 in three types of cancers 
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In the future, we are interested in using machine learning methods [22, 26, 27, 31] to 

find more possible gene signatures, and combine the medical knowledge to explain 

them [28, 30]. 
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Abstract. Multi-Electrode Arrays (MEAs) have been widely used to
record neuronal activities, which could be used in the diagnosis of gene
defects and drug effects. In this paper, we address the problem of clas-
sifying in vitro MEA recordings of mouse and human neuronal cultures
from different genotypes, where there is no easy way to directly utilize
raw sequences as inputs to train an end-to-end classification model. While
carefully extracting some features by hand could partially solve the prob-
lem, this approach suffers from obvious drawbacks such as difficulty of
generalizing. We propose a deep learning framework to address this chal-
lenge. Our approach correctly classifies neuronal culture data prepared
from two different genotypes — a mouse Knockout of the delta-catenin
gene and human induced Pluripotent Stem Cell-derived neurons from
Williams syndrome. By splitting the long recordings into short slices
for training, and applying Consensus Prediction during testing, our deep
learning approach improves the prediction accuracy by 16.69% compared
with feature based Logistic Regression for mouse MEA recordings. We
further achieve an accuracy of 95.91% using Consensus Prediction in one
subset of mouse MEA recording data, which were all recorded at six days
in vitro. As high-density MEA recordings become more widely available,
this approach could be generalized for classification of neurons carrying
different mutations and classification of drug responses.

Keywords: Deep learning · Convolutional neural network · Classifica-
tion · MEAs.

1 Introduction

Deep learning models have achieved remarkable success in computer vision [1],
speech recognition [2], natural language processing [3] and the game of Go [4].
Recently there has been increasing interest in using deep learning in end-to-end
neuroscience data analysis [6, 5, 7]. Inspired by biology, deep learning models
share many common properties with neuron functions. Deep learning models
enable the extraction of information from action potential recordings of neuron



activity, playing a vital role in several important neuron-based research and
application areas [8].

Convolutional neural networks (CNN) can learn local patterns in data by
using convolution filters as their key components [9]. Originally developed for
computer vision, CNN models have recently been shown to be effective for neuro-
science data analysis. Deep learning has recently been used to identify abnormal
EEG signals [5]. In [6], researchers designed an end-to-end EEG decoding for
movement-related information using deep CNNs. With the latest development
in fabrication of MEAs, a CNN was used to classify different neuronal cell types
using simulated in-vivo extracellular recordings [10]. However, most of the work
in this area has focused on simulated data [10, 11] since the experimental in
vitro recordings are too noisy and there are not sufficient training samples for
deep learning models. Researchers have also manually extracted features for deep
learning training [10, 11]. However, this does not fully exploit the deep learning
model’s ability of end-to-end learning, which learns from the raw data without
any prior feature selection.

MEAs with advanced neural probes have been widely utilized to measure
neuronal activity by recording local field potential [12]. Since the same units
are measured on multiple recording sites, MEA recordings provide rich spatial
information, which could be used to help diagnose diseases and genetic abnor-
malities. Our objective in this work has been to develop a deep learning frame-
work which can distinguish MEA recordings of different genotypes. For example,
delta-catenin is a crucial brain-specific protein of the adherens junction complex
that localizes to the postsynaptic and dendritic compartments. It is enriched in
dendrites and can be localized to the post-synaptic compartment. Recent studies
indicate that delta-catenin is required for the maintenance of neural structure
and function in the mature cortex [13–15]. Williams syndrome (WS) is a neu-
rodevelopmental disorder caused by a genomic deletion of about 28 genes [16,
17]. As a result of this hemideletion, the subjects display a characteristic pheno-
type with mild to moderate intellectual disability as well as behavioral features
such as an outgoing personality and conserved communication skills. Studying
those genes is of particular interest in order to decipher the social behaviors in
humans [18].

In the present work, we propose an end-to-end CNN architecture to classify in
vitro MEA recordings with different genotypes. We test our framework on mouse
recordings to classify Wild Type and delta-catenin Knockout. We also attempt
to classify human derived induced Pluripotent Stem Cell (iPSC) neuron cultures
from Williams syndrome versus Control cultures. We split the long recordings
into smaller slices for training to provide more training samples, and then apply
Consensus Prediction during testing.

The key contributions of this paper include:

1) We propose a CNN based model to classify the genotype of in vitro MEA
recordings, which outperforms Logistic Regression by 16.69%. To the best of our
knowledge, this is the first paper using deep leaning to classify in vitro MEA
recordings.
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2) We split the long recordings into smaller slices for training, which not only
eases the burden on GPU memory but also provides many training samples for
deep learning models.

3) We define Consensus Prediction as the majority voting result of the sam-
pled short slices for testing, since not all of the short slices can be expected to
contain enough useful information. We achieve an accuracy of 95.91% using Con-
sensus Prediction in one subset of MEA recording data, which were all recorded
at 6 days in vitro (DIV).

The rest of this paper is organized as follows. Section 2 describes how our
MEAs are recorded and introduces the classification problem. We delineate the
deep learning model in Section 3 and describe the experimental setup in Sec-
tion 4. Evaluation and discussion are provided in Sections 5 and 6, respectively.

2 Data Collection and Classification

2.1 Mouse neuron culture

Commercial MEAs (MultiChannel Systems) were sterilized with UV irradiation
for > 30 minutes, incubated with poly-L-lysine(0.1 mg/ml) solution for at least
one hour at 37◦C, rinsed several times with sterile deionized water and allowed
to dry before cell plating. Wild-type mice were in a C57BL/6 background and
littermate controls were obtained by breeding heterozygote male and female
delta-catenin transgenic mice. For the delta-catenin transgenic mice, a targeted
mutation in the delta-catenin gene is located within axon 9 of the delta-catenin
locus and consists of a GFP reporter fused to a PGK-hyygro-pA cassette fol-
lowed by a stop condon, which results in the prevention of transcription of the
rest of the delta-catenin gene. Mouse pups were decapitated at P0 or P1, the
brains were removed from the skulls and the hippocampi were dissected from the
brain followed by manual dissociation and plating of 250,000 cells in the MEA
chamber [19]. After one week, cultures were treated with 200 µM glutamate to
kill any remaining neurons, followed by a new batch of cells added at the same
density as before. Cultures were grown in a tissue culture incubator (37◦C, 5%
CO2), in a medium made with Minimum Essential Media with 2 mM Glutamax
(Life Technologies), 5% heat-inactivated fetal calf serum (Life Technologies), 1
ml/L of Mito+ Serum Extender (BD Bioscience) and supplemented with glu-
cose to an added concentration of 21 mM. All animals were treated in accordance
with University of California and NIH policies on animal care and use.

2.2 Culture of iPSCs neurons

iPSCs were cultured in mTeSR1 media (Stem Cell Technologies) and routinely
passaged with ReleSR (Stem Cell Technologies). The cells were subsequently in-
fected with TetO-hNgn2-UBC-puro (plasmid from Addgene # 61474) and rtTA
(plasmid from Addgene # 20342) lentiviruses. Briefly, the cells were passaged
as single cells into 4 wells with accutase (Life Technologies) and Y-27632 dihy-
drochloride (Tocris) at a final concentration of 10 M. On day 2 the cells were
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infected with hNgn2 in fresh mTeSR1 media. On day 3, the infected iPSCs
were selected by adding puromycin at 2 ug/ml for a 2 day period. The cells
were infected with rtTA virus on day 5 and incubated overnight. The neurons
were differentiated by adding doxycycline at a final concentration of 2 ug/ml.
Two days after addition of doxycycline, the neurons were replated on poly-l-
lysine coated MEAs at a density of 180,000 cells concentrated in a 15 ul droplet.
iPSCs-derived neurons were cocultured with mouse primary astrocytes in Brain-
Phys complete medium (Stem Cell Technologies). Doxycycline was kept in the
media for 14 days total.

2.3 Electrophysiology

We used 120 electrode MEAs (120MEA100/30iR-ITO arrays; MultiChannel Sys-
tems) for recording as is shown in Fig. 1. All recordings were performed in cell
culture medium so as to minimally disturb the neurons. The osmolality of the
culture medium was adjusted to 320 mosmol. Recordings were performed us-
ing MultiChannel Systems MEA 2100 acquisition system. Data were sampled at
20 kHz. Recordings were performed at 30◦C. All recordings were performed on
neurons at 2-30 DIV. Data recordings were typically 3 minutes long. The record-
ing duration was controlled to minimize the effects of removing MEAs from the
incubator.

Fig. 1. Neural networks were grown on arrays of 120 electrodes. The purpose of this
research was to determine whether neural cultures derived from genetically different
neurons could be distinguished by analysis of their electrical activity.
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2.4 Spike Detection

For each MEA recording, we performed spike detection [21]. Extracellular signals
were band pass filtered using a digital 2nd order Butterworth filter with cutoff
frequencies of 0.2 and 4 kHz. Spikes were then detected using a threshold of
5 times the standard deviation of the median noise level. Since there are 120
electrodes in our MultiChannel Systems, the spike detection result of a 3 min
recording is a 120×180000 shape matrix made up of 1s and 0s, where 1 represents
neuron firing and 0 represents not firing.

2.5 Classification

For the remainder of this paper, Wild Type (WT) means that there is no gene
mutation. Knockout (KO) means that the gene delta-catenin is knocked out or
not expressed in the mouse neurons. WS is Williams syndrome neurons, com-
pared with Control. Fig. 2 shows Raster Plots for some sample mouse MEA
recordings from WT and KO. From the figure, the recording patterns vary dras-
tically according to different mice, different DIV and even different recording
numbers. However, recordings of different genotypes sometimes perform simi-
larly. It is challenging for human eyes to distinguish KO from WT. There are
several reasons: 1. The recordings are noisy due to the errors in measuring poten-
tials and spike detection. 2. The firing pattern will change drastically according
to many factors like different DIV, different mice and even different recordings.
A deep learning classification framework is therefore introduced to automatically
predict the genotype, given an MEA recording.

We use two separate sets of MEA recordings in our classification: one dataset
consists of mouse neuron recordings to classify KO and WT, while the other
dataset consists of human iPSC neuron recordings to distinguish WS and Control
human cells. Our mouse recordings consist of 5 separate experiments (Exp1,
Exp2, Exp3, Exp4, Exp5) and 331 180000 ms recordings in total, of which 198
recordings are WT and the remainder are delta-catenin KO. Our iPSC recording
data are made up of 12 WS recordings and 8 Control recordings. Considering
the size of the two datasets, we randomly shuffle and split the mouse MEA data
into training, validation and testing by 70%, 10% and 20%, while we apply 5-fold
cross-validation for human iPSC recordings.

3 Deep Learning Model

The model architecture, shown in Fig. 3, consists of convolution-pooling lay-
ers followed by fully connected layers. To learn temporal and spatial invariant
features, the convolution is performed on both time and space dimensions. We
split the long recordings into smaller slices with length of seq length. Detected
spikes with shape of (120, seq length) serve as input x for the neural network.
A convolution operation involves a filter w ∈ Rst, which is applied to a win-
dow of s electrodes and t ms to produce a new feature. For example, a feature
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Fig. 2. Raster Plots of WT and delta-catenin KO. Blue represents WT and red in-
dicates delta-catenin KO. The title of each raster plot is formatted as ”MEA device-
Mouse-Gene type-DIV-Record Number”. (a) KO and WT share some common firing
patterns. (b) Different recordings with the same gene type, as well as the same DIV
look different. (c) Recordings with the same mouse, the same gene type but differ-
ent DIV look different. (d) Recordings with the same gene type, the same DIV, but
different mouse look different.
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fi,j , (0 ≤ i ≤ 120− s+ 1, 0 ≤ j ≤ seq length− t+ 1) is generated from a window
size (s, t) of the spike train:

fi,j = ReLU(wxi:i+s−1,j:j+t−1 + b), (1)

where b ∈ R is a bias term. This filter is applied to each possible window of the
spike trains to produce a feature map:

f =


f1,1 f1,2 ... f1,seq length−t+1

f2,1 f2,2 ... f2,seq length−t+1

... ... ... ...
f120−s+1,1 f120−s+1,2 ... f120−s+1,seq length−t+1

 , (2)

with f ∈ R120−s+1,seq length−t+1. We then apply a max-pooling operation over
the feature map and take the maximum value m = max f as the feature cor-
responding to this particular filter. The idea is to capture the most important
feature, the one with the highest value, for each feature map. Our model uses
multiple filters to obtain multiple features. These features form the penultimate
layer and are passed to a fully connected softmax layer whose output is the
probability distribution over two different genotypes. We adjust the number of
convolutional ReLU layers from 2 to 5, based on the choice of seq length.

We use Batch Normalization [25] to accelerate training. For regulaization,
dropout [23] and early stopping methods [24] are implemented to avoid over-
fitting. Dropout prevents co-adaptation of hidden units by randomly dropping
out a proportion of the hidden units during backpropagation. Model training
is ended when no improvement is seen during the last 100 validations. Softmax
cross entropy loss is minimized with the Adam optimizer [26] for training.

Convolutional 
layer with multiple 
filter widths and 
feature maps

Segments with
seq_length = 4 ms Max pooling Fully connected layer 

with dropout and 
softmax output
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Fig. 3. Model architecture: 3 minute recordings of the electrical potentials measured
on the 120 electrodes are collected form the neuron cultures. Segments with seq length
= 4 ms of these recordings are individually classified. These individual classifications
are conducted for Consensus Prediction in mouse MEA recordings.
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4 Experimental Setup

4.1 Training and Hyperparameters

We use 1 ms time bins for our spike train data, thus the dimensionality of time is
extremely high. For example, a slice of 10 seconds has 10,000 data points along
the time dimension. Thus, the CNN model has a very high demand for memory,
while the memory for the graphics processing unit (GPU) is limited. In practice,
we randomly sample segments from each recording for training, which not only
decreases the GPU memory usage by reducing the dimensionality of time but
also increases the number of training samples. For example, if we use seq length
of 1000ms, then a 180000ms recording can provide 180 independent samples.

We implement the deep learning framework using Tensorflow [22] with the fol-
lowing configurations. The (120, seq length) spike detected matrices (see Fig. 3)
are input to convolutional ReLU layers which filter the input spike train with
2 × 5 kernels and stride of (1, 1). It is interesting to note several biologically
inspired hyperparameters in Table 1. Seq length is the slice length that we use
to split the recordings. Kernel size and stride in CNN correspond to propaga-
tion signals, synaptic coupling and correlation between channels. Short latency,
monosynaptic, interactions are in a range of 2-4 ms. Propagation signals occur-
ring between nearby electrodes have an average latency of 0.3 ms to 0.7 ms. We
choose a kernel size of 2 × 5 and stride of (1, 1) to capture propagation signals
and synaptic coupling. Hyperparameters are described in Table 2. Max pooling
is then applied after each convolutional ReLU layer. The feature maps are input
for fully connected layers with 2 output nodes for the binary classification.

4.2 Testing

For testing, we define Consensus Prediction to measure the performance of pre-
dictions for the whole recordings. Consensus Prediction synthesizes results from
odd numbers of short slices by majority voting, which can significantly improve
the prediction accuracy for a long recording. This is because not all of the short
time-slices can be expected to contain useful information. The results of mouse
MEA recordings in Section 5 are reported with Consensus Prediction.

4.3 Implementation

We implement a framework that can distribute the convolutional neural network
into multiple (N) GPUs to ease the burden on GPU memory. Each GPU con-
tains an entire copy of the deep learning model. We first split the training batch
evenly into N sub-batches. Each GPU only processes one of the sub-batches.
Then we collect gradients from each replicate of the deep learning model, ag-
gregate them together and update all the replicates. With 3 NVIDIA GeForce
GTX 1080s, each of which has a memory of 11178 MB, we can handle spike train
segments of 14 seconds with batch size of 24.
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Table 1. Bio-inspired parameters

Para Biological Justification value

Seq length The appropriate slice length which can represent a recording 4000 ms
Kernel size Propogation signals (2,5)
Stride Synaptic coupling, correlation between channels (1,1)

Table 2. Hyperparameters

Hyperparameters Value

Batch size 24
Epoch 5000
Dropout rate 0.5

5 Empirical Evaluation

We focus our evaluation mainly on the accuracy of predicting genotype. We use
Consensus Prediction, which is the majority voting result of the sampled short
slices, for the mouse recordings. We report the initial prediction accuracy of
short slices for human iPSC recordings without Consensus Prediction, since the
recording experiments are better controlled.

5.1 Performance Analysis

Results of our framework compared against other machine learning models on
mouse recordings and human iPSC recordings are shown in Table 3 and Table 4
respectively. We compare our CNN model with Multilayer Perceptron(MLP)
and feature based Logistic Regression. We use a two layer MLP, which shares
the same hyperparameters with our model’s fully connected layers. For Logis-
tic Regression, we first extract features of firing rate and Pearson correlation
coefficient between different electrodes for each recording, and then classify neu-
ron genotypes based on these two features. For the mouse recordings, our CNN
based deep learning approach improves the Consensus Prediction accuracy by
16.69% compared with feature based Logistic Regression. Fig 4 shows the Con-
sensus Prediction accuracy. The accuracy improves by 5.92% using Consensus
Prediction. Although not all of the short slices can be expected to contain enough
useful spike patterns, we can overcome that when we synthesize multiple individ-
ual classification results from these short slices. For the human iPSC recordings,
we report the prediction accuracy of short recording slices. Our model achieves
accuracy of 96.18% even without Consensus Prediction, which is a 15.59% im-
provement over feature based Logistic Regression. Our CNN based deep learning
model also outperforms MLP on both of the two sets of recordings by 7.00% and
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7.81% respectively, which shows CNN’s advantage of local feature extraction
using convolutional kernels over MLP.
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Fig. 4. Consensus Prediction accuracy vs. number of short slices used for mouse record-
ings.

Fig 5 shows the trend of accuracy versus the choice of seq length for human
iPSC. For the effect of seq length on accuracy, there exists a trade off between
number of training samples and representation of a whole recording. The short
slices contain less information but can provide more independent training sam-
ples. For deep learning models, larger numbers of training slices help more than
a larger sample. However, we still cannot choose too small of a seq length, since a
too short slice is not representative for a recording. Given the data we currently
have, we use a seq length of 4000 ms.

Dropout proved to be such a good regularizer that it was fine to use a larger
than necessary network or train too many epochs and simply let dropout regular-
ize it [27]. Dropout consistently added 2% - 4% relative performance. Our model
converged best with Adam optimizer compared with Vanilla gradient descent,
Adagrad [28], Adadelta [29] and RMSprop [30].

5.2 Case Study

It is challenging to classify the genotype of mouse MEA recordings due to the
differences in recordings taken from neurons of different DIV, different mice
and different recordings. Considering that the neuron firing patterns change
drastically with different DIV, we use two subsets of mouse recording data (Exp1
and Exp2), recorded at 6 DIV and 10 DIV respectively, to study the effect
of Consensus Prediction. Fig. 6 shows the prediction accuracy versus number
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Fig. 5. Accuracy vs. seq length trend for human iPSC recordings.

Table 3. Consensus Prediction performance comparison of our deep learning model
with Multilayer Perceptrons and Logistic Regression on mouse recordings.

Model Accuracy on Testing

Convolutional Neural Network 0.8951
Multilayer Perceptron 0.8366
Logistic Regression 0.7671

Table 4. Performance comparison of our deep learning model with Multilayer Percep-
trons and Logistic Regression on iPSC recordings.

Model Accuracy on Testing

Convolutional Neural Network 0.9618
Multilayer Perceptron 0.8921
Logistic Regression 0.8321
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of voting slices in Consensus Prediction. By taking one subset of experiments
all recorded at 6 DIV, we achieve a Consensus Prediction accuracy of 95.91%
for Exp1. Similarly, we achieve a Consensus Prediction accuracy of 94.12% for
recordings in Exp2, which are all at 10 DIV. Using Consensus Prediction, we
improve the prediction accuracy by 12.70% and 11.68% for Exp1 and Exp2
respectively, which indicates that combining information from different parts of
one recording significantly helps improve the performance.

Fig. 6. Consensus Prediction accuracy for Exp1 and Exp2.

6 Discussion

We have addressed the issue of classifying different genotype MEA recordings by
proposing a deep learning framework. We split the long recordings into smaller
slices, which not only eases the burden on GPU memory but also provides more
training samples for the deep learning model. We use Consensus Prediction dur-
ing testing, to predict the genotype for a recording. This paper is a proof of
principle for classification via deep learning of in-virtro MEA recordings. Clearly,
however, more work is needed before it can be known if deep learning will be
a generally useful technique for classification of neural cell genotypes or drug
effects from in vitro MEA recordings. For example, one can use more recordings
and MEAs with larger numbers of probes in future work.
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Abstract. Clinical trial records are variable resources or the analysis of patients 

and diseases. Information extraction from free text such as eligibility criteria 

and summary of results and conclusions in clinical trials would better support 

computer-based eligibility query formulation and electronic patient screening. 

Previous research has focused on extracting information from eligibility crite-

ria, with usually a single pair of medical entity and attribute, but seldom consid-

ering other kinds of free text with multiple entities, attributes and relations that 

are more complex for parsing. In this paper, we propose a knowledge-guided 

text structuring framework with an automatically generated knowledge base as 

training corpus and word dependency relations as context information to trans-

fer free text into formal, computer-interpretable representations. Experimental 

results show that our method can achieve overall high precision and recall, 

demonstrating the effectiveness and efficiency of the proposed method. 

Keywords: Information Extraction, Natural Language Processing, Distant Su-

pervision Machine Learning, Clinical Trials. 

1 Introduction 

The growing volume of clinical trial records are one of the most valuable sources of 

evidence on the efficacy of treatments in humans. In clinical trial records, many items 

like eligibility criteria and summary of results and conclusions are usually written in 

unstructured free text. The free – text format and lack of standardization have inhibit-

ed the effective use for automatic identification of eligible patients from electronic 

health records (EHRs), and makes extracting the target data for evidence - based syn-

thesis burdensome.  

To structure the free text in clinical trial records, three major elements need to be 

extracted: entity, attribute and the relations between them. Figure 1 shows an example 

of eligibility criteria with three types of elements.  

Body Mass Index ≤40 kg/m^2 

Entity   Attribute 

Relation: has_value 

Fig. 1. Example of free text annotated by entity, attribute and relation between them 



“Body Mass Index” is the medical entity, often identified as Unified Medical Lan-

guage System (UMLS) concept with an unique identifier (CUI). “≤40 kg/m^2” is the 

attribute of “Body Mass Index” with value 40, unit “kg/m^2” and comparison “≤”, 

and “has_value” is the relationship between the entity and its corresponding attribute. 

Most previous work has focused on structuring eligibility criteria that usually only 

contains a single pair of entity and attribute in one sentence like the example in Figure 

1, while information extraction in other types of free text has received little attention. 

The free text of a clinical trial like summary of results and conclusions may contain 

more than one medical entity and associated attributes, with multiple mappings need-

ing to be inferred. Figure 2 shows examples of two long paragraphs of free text with 

multiple entities and attributes.  

Fig. 2. Examples of long paragraphs with multiple entities and attributes. They is acquired from 

ClinicalTrials.gov 

The possible entities in the first paragraph are: medications, pain, psychotropic drugs, 

antidepressants, sedative hypnotics, analgesics, elimination half-lives, screening, Se-

lective serotonin reuptake inhibitors (SSRIs) and selective noradrenaline reuptake 

inhibitors (SNRIs). The possible attributes are concomitant, within three days, five 

times, at least 30 days prior. After comparing all the information extraction tools, 

especially those for eligibility criteria such as cTAKES, MetaMap and Criteria2query, 

we find that there are no tools so far that can extract all the entities and attributes cor-

rectly, and neither do their relations after our experiments. For the second paragraph, 

we found the same issues: entity and attributes are missing, and relations extracted are 

not accurate. Therefore, extracting all the possible candidates and detecting the cor-

rect relations among all candidates becomes an important concern.  

Because of the complexities of inferring “many-to-many” relationships, simple text 

parsing methods, such as regular expressions, may not be an effective way to extract 

and structure the elements in the target text [15, 19]. Machine learning models are 

adopted in some systems for the relation extraction task, such as support vector ma-

chine and convolutional neural networks [23]. However, traditional machine learning 

models rely on human annotation for training data generation, which is time and labor 

consuming. Moreover, the reliance on human annotation further limits the systems to 

Patients who are taking any concomitant medications that might confound assessments of 

pain relief, such as psychotropic drugs, antidepressants, sedative hypnotics or any analge-

sics taken within three days or five times of their elimination half-lives, whichever is 

longer. Selective serotonin reuptake inhibitors (SSRIs) and selective noradrenaline 

reuptake inhibitors (SNRIs) are permitted if the patient has been on a stable dose for at 

least 30 days prior to screening. [NCT04018612] 

M/F ages 21-45 with a history of smoked cocaine use at least twice a week for the past six 

months. A normal resting 12-lead electrocardiograph (ECG) and blood pressure of less 

than 140/90 mmHg. [NCT01640873] 
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certain pre-specified relational types and makes it unable to further extend the sys-

tems to new relational types. 

Each medical entity has its own value range and unit format that can be easily ob-

tained from an online knowledge base such as Wikipedia and Observational Health 

Data Sciences and Informatics (OHDSI), so those formats can be used as attribute 

constraints when inferring the relations [13, 14, 16, 17]. In this paper, we present a 

novel distant supervision approach that generates training data automatically by align-

ing texts and a knowledge base, and learns to automatically extract relations between 

a medical entity and its corresponding attribute. We also use the syntactical structure 

of a sentence to assign the mapping direction because all relations are directional, 

pointing from the entity to its attribute. Experimental results show that our method 

achieves overall high precision and recall, demonstrating the effectiveness and effi-

ciency of the proposed method. 

The rest of the paper is organized as follows. In Section 2, we present related work. 

In Section 3, we propose the knowledge-based distant supervision approach. In Sec-

tion 4, we introduce the datasets, comparison methods and evaluation metrics, as well 

as experimental results. We conclude our work in Section 5. 

2 Related Work 

Parsing clinical text is important to leverage the reuse of clinical information for au-

tomatic decision support. Following this assumption, various methods and techniques 

have been recently developed to transform clinical trial protocol text into computable 

representations that can be used to facilitate automated tasks. 

2.1 Ontology-based and rule-based approaches 

Riccardo et al. [1] proposed a clinical trial search framework eTACTS that combines 

tag mining of free-text eligibility criteria and interactive retrieval based on dynamic 

tag clouds to reduce the number of resulting trials returned by a simple search. Tu et 

al. [2] designed the Eligibility Rule Grammar and Ontology for clinical eligibility 

criteria and used it to transform free-text eligibility criteria into computable criteria 

[3]. Bhattacharya and Cantor [4] proposed a template-based representation of eligibil-

ity criteria for standardizing criteria statements. Weng et al.[5] leveraged text mining 

to develop a Unified Medical Language System – a semantic like network-based rep-

resentation for clinical trial eligibility criteria called EliXR.   

2.2 Machine learning based approaches 

Methods based on machine learning models for standardizing categorical eligibility 

criteria were developed, such as EliXRTIME [6] for temporal knowledge representa-

tion and Valx [7] for numeric expression extraction and normalization. Much of the 

more recent work on distant supervision since has been focused on the task of relation 

extraction [8, 9] and classification of Twitter/microblog texts [10]. Supervised distant 
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supervision is used to automatically extract Population/Problem, Intervention, Com-

parator, and Outcome (PICO criteria) in clinical trial records [11].  

Despite these efforts, there is still a need to develop a solution for directly transform-

ing all kinds of free text in clinical trial records to structured information, with a com-

putational output data format. We explored the method of information extraction from 

free text in clinical trials with knowledge-based distant supervision in our previous 

research [18, 20, 21, 22], and provide more details in this paper.  

3 Knowledge-Based Distant Supervision Framework 

In this section, we propose a probabilistic linking model to deal with the task of entity 

linking with its corresponding attribute. The overall framework is shown in Fig. 2. 

M/F ages 21-45 with a 

history of smoked cocaine 

use at least twice a week 

for the past six months. A 

normal resting 12-lead 

electrocardiograph (ECG) 

and blood pressure of less 

than 140/90 mmHg.

> M/F ages 21-45 with a 

history of smoked cocaine 

use at least twice a week 

for the past six months. 

> A normal resting 12-lead 

electrocardiograph (ECG) 

and blood pressure of less 

than 140/90 mmHg.

Split  

sentences

Named 

Entity 

Recognition

Attribute 

Recognition

E1: ages 

E2: smoked cocaine  

E3: Electrocardiograph 

E4: blood pressure.

A1: 21-45 

A2:at least twice a week for 

the past six months. 

A3:12-lead 

A4: less than 140/90 mmHg.

R1->E1+A1

R1->E1+A2

R1->E1+A3

R1->E1+A4

R1->E2+A1

R1->E2+A2

R1->E2+A3

R1->E2+A4

R2->E1+A1

…
R4->E4+A4

Generate 

Relation 

Candidate

R1->E1+A1

R1->E1+A2

R1->E1+A3

R1->E1+A4

Dependency 

Parsing

Distant Superversion Learning

Input: raw free text

Entity

Attribute

Relation Candidate

Formatted Output

Extracted Relation

{"result": {

  "id": "1",

  "text": "M/F ages 21-45 with a history of smoked 

cocaine ...",

  "relation": [

      {"entity": "ages", "attribute": "21-45"},

      {"entity": "cocaine", "attribute": "at least twice a week for 

the past six months"},

      {"entity": "ECG", "attribute": "12-lead"},

      {"entity": "blood pressure", "attribute": "140/90 mmHg"}

      ]

}}

Fig. 3.   The overview of the knowledge-based distant supervision framework 

The inputs are text paragraphs from a clinical trial corpus. Generally, eligibility crite-

ria are organized by lines, but other types of clinical records are written in paragraphs, 

so the first step is to split the input text into sentences. After separating the input text 

into sentences, medical entities need to be annotated as UMLS concept and attributes 

need to be recognized as temporal expressions or value expressions. We use part of 

speech(POS) pattern mining to build the knowledge base from the knowledge sources 

medical dictionary, Wikipedia and OHDSI as Fig. 4 shows. 

We use a small training dataset to train the random forest classifier, and refine the 

results manually. In the knowledge base table, the first column is “term”, which lists 

medical concepts. They can be used to improve the entity recognition. The second and 

third columns are value and units that can be used to improve the relation extractions. 

For example, suppose we identified two concepts: “blood pressure” and “body 

weights”, and have two values as their attributes. It is highly possible that the value 

ending with “mmHg” will be blood pressure’s attribute and the value ending with 

“kg” will be body weight’s attribute because they are their usually used units. We 
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found that unit is more useful than value in the relations recognition because in clini-

cal trials, the values from patients are usually not in a normal range. 

Fig. 4.     Knowledge sources and a snippet of the knowledge base 

We updated the algorithms in Criteria2Query by introducing the knowledge base for 

named entity recognition [12]. After this step, M entities and N attributes are extract-

ed from the free-text record automatically, and then we have M*N relational candi-

dates. Next, we use the Stanford dependency parser CoreNLP to discover the syntac-

tical structure of a sentence.  

Fig. 5.  Word dependency extracted by CoreNLP for of the second paragraph in Fig.1 

But this tool will extract all the relations among all the words. Most of them are not 

our targets. So we simplified the CoreNLP tool and only extracted relations that we 

concern based on identified named entities in last step, as Fig. 6 shows. 

Fig. 6.     The simplified word dependency extraction result for the second paragraph in Fig.1 

We assume that there is an underlying distribution P over the relations given the pars-

ing results, and then the probability of a relation r whose dependency parsing result is 

dep could be expressed using the following formula: 

Term Value Unit 

Electrocardiography 12  lead 

Heart rate 40 to 60  beats/min 

blood pressure 120/80 mmHg 

Body weight  20 kg 

hormone 0.8 x 

Body mass index  95th  percentile 

age  40 years 

Hematocrit  0.36 

Knowledge Base 
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P(r|dep) = P(e, a| dep) 

Where e is the entity and a is the attribute. Meanwhile, distant supervision is applied 

on all candidate relations and the probability of a relation r whose distant supervision 

learning result is sup could be expressed as the following formula: 

P(r|sup) = P(e, a| sup) 

We use Wikipedia and OHDSI as the knowledge base, and model the entity by its 

value range and unit. For example, the standard written format for blood pressure is” 

\d+/\d”, and its unit is “mmHg”, so “115/75 mmHg” would have higher probability to 

be a blood pressure than “11-25”. Given the two types of relational probabilities, we 

could further define the relational assignment probability as: 

P(r|s)= θ∙P(r|sup) + (1-θ)∙P(r|dep) 

Where θ is a parameter that balances the two parts and s is the sentence. Next, we 

select the probability with largest value i.e., the most likely mapping between the 

entity e and attribute a given a sentence s as context.  

After the recognition and extraction of entities and their attributes and identifica-

tion of the relations between them, the entities were encoded by the standard UMLS 

terminology. To support downstream large-scale analysis, we standardized the output 

results in the JSON format. An example output format is illustrated in Figure 2. 

4 Experiment 

To evaluate the efficiency of our proposed framework, we assess the accuracy and 

recall of the information extraction in this section. The experimental setup includes a 

ThinkPad laptop with Intel Core i5 2.50 GHz processor and 10 GB RAM. In our ex-

periment, we use the clinical trial data obtained from ClinicalTrials.gov. 100 clinical 

trial records were randomly picked and 477 free-text records including eligibility 

criteria and summary of results and conclusions were acquired. Next, three annotators 

were asked to label each record with entity, attribute and their relations, and we used 

the labels agreed to by at least two annotators as the ground truth, with a total of 386 

records labeled in this manner. All annotations were completed in Brat [24], a web-

based annotation tool. Fig. 7 shows the results. 
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Fig. 7.    Learning curves for recognition tasks by different sizes of training sizes. 

The results show that when the number of training data is over 200, the performance 

reaches a stable status, and the average accuracy is 0.83, and the average recall is 0.79 

that show relatively high effectiveness. Fig. 8 shows an example of the JSON format 

output. We do not parse the attribute further because we focus more on the issue of 

relationship inference. Several tools can be used to separate the attributes into fine-

grained parts. 

Fig. 8.    Example of the JSON format output 

5 Discussion And Future Work 

Structured clinical trial records can enable more rigorous comparisons of trial popula-

tions and better meta-analyses of collective generalizability of related clinical trials 

and also pave the path to thorough studies of clinical trial participants and their repre-

sentativeness of the general population. In this paper, we proposed a knowledge -

based distant supervision framework to extract information from all types of free text 

data in clinical trials records. Our experiments demonstrate the effectiveness of our 
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{"result": { 

  "id": "1", 

  "text": " M/F ages 21-45 with a history of smoked cocaine use at least twice a week for 

the past six months. A normal resting 12-lead electrocardiograph (ECG) and blood pressure of 
less than 140/90 mmHg.", 

  "relation": [ 

 {"entity": "ages", "attribute": "21-45"}, 

  {"entity": "cocaine", "attribute": "at least twice a week for the past six months"}, 

  {"entity": "ECG", "attribute": "12-lead"}, 

  {"entity": "blood pressure", "attribute": "140/90 mmHg"} 

  ] 

}} 
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method. In the future, we will explore the active learning methods [18] or reinforce-

ment learning [20, 22] to annotate the criteria eligibility to reduce the annotation cost. 

Also, we are interested in constructing the query expression for clinical trials records 

and build the interface to search all kinds of clinical trial records. 
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