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If we knew what it was

we were doing,

it would not be called research,

would it ?

- Albert Einstein -





Abstract

Big data represents what machine learning models need to learn concepts and tasks,
providing enough generalization margins. Moreover, it can also be useful for data
mining applications when the goal is to extract latent and valuable knowledge. The
nature of data we can collect every day is unstructured: no predefined schema is
present. Some examples are documents, messages, interactions in social media plat-
forms and in the e-commerce web sites. Indeed, the unstructured nature of these data,
inevitably, adds more challenges in the previously reported cases. Machine learning
models need input data in real-valued vectors (feature or design matrix) for super-
vised and unsupervised learning. The same issue comes back again when we are in-
terested in finding quantitative information (e.g., the similarity between two or more
documents or measure any statistics). Another interesting case is the one related to
network science techniques to analyze data having (or looking for) a graph struc-
ture. Several systems can be efficiently described as nodes that interact with each
other (e.g., social networks, recommendation systems, interaction among proteins,
financial market). In this case, we cannot apply machine learning techniques directly
because of the lack of a vector representation.

The advances in the neural networks field, enable to learn feature vectors directly
from the input data distribution. This task can be seen as a pre-processing step in a
modern machine learning project and involve machine learning itself. This automatic
feature extraction is also known as “Representation learning”. We can summarize it
as learning a vector representation of input data in a supervised or unsupervised way.
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We can learn these representations or embeddings for different kinds of data: from
words, entire documents, nodes or edges in a graph, images, and signals.

Moreover, embeddings encode data preserving and providing more information, for
example, semantic similarity for words that will be close in their vector representa-
tion.

The choice of how to achieve this preliminary task influences all of the next stages
in a typical data-mining pipeline. The challenge consists into finding a way to pre-
serve much information as possible when looking for a structure. Secondary, with the
promising results achieved recently, it is interesting to exploit these resulting vector
spaces also to make knowledge extraction.

In light of the current challenges and advances in the field of Representation Learn-
ing with unstructured data, my research activity has been focused on this topic. In
particular, in this thesis are reported the achieved results in two main directions:

• Using representation learning techniques based on neural networks to ex-
tract latent knowledge from documents: If neural networks can capture fun-
damental aspects among data by learning a different representation in the out-
put layer and considering that this representation makes the classification or
clustering easier, can we exploit these techniques to extract new knowledge?
Part of my research tries to answer to this question. In particular, two uses cases
are reported: the first analyzes scientific documents from the public repository
Scopus combining word embeddings and Human mobility metrics. The second
one regards neural network embeddings to extract knowledge from financial
reports of thousands of american companies in the stock market.

• Overcome current limits of representation learning on graphs: Machine
learning models can benefit from input data derived from graph structures.
However, to apply most of the available models it is necessary to get a vec-
tor form for nodes and edges. The most promising way is related to the neural
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network embedding and the state of the art is represented by the Node2vec
algorithm. However, there are still two open problems in this field: scalabil-
ity (learning a representation in large-scale graphs) and the lack of support of
dynamic contexts: if a new node joins the network it is necessary to compute
again the representation of the entire graph. Part of my doctorate tries to ad-
dress these two problems. A first contribution is represented by an actor-based
version of Node2Vec that overcomes scalability issues by distributing the bot-
tlenecks with agents that organize themself with different behaviors to achieve
the embedding in large-scale graphs. A second contribution is related to the de-
velopment of a novel algorithm for incremental feature learning over graphs.
The algorithm exploits properties of scale-free graphs to encode new nodes
without recurring to a re-train of the model over all the nodes. It computes a
light embedding over 20% of nodes with the highest degree, and then it per-
forms a supervised alignment by solving the orthogonal Procrustes problem.
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Chapter 1

Introduction

Data represent the common factor for most of the main technological phenomena
in the last decades. We are going through an utterly data-oriented society with an
increasing demand for solutions to manage, collect and exploit this new form of rich-
ness. Indeed, being able to analyze the so-called Big Data represents at the same time
a challenge but also a need for several verticals, in the industry as for governments,
institutions and public services.
The main reason underlying this development is related to the digitalization of ser-
vices, the spread of the Internet, and the advent of social media. All of these factors
lead to rapid daily growth in data generation. According to the International Data
Corporation (IDC), the average amount of data generation is close to 3 quintillions
(3x1018) bytes per day [5]. Among these, the World Economic Forum (WEF) re-
ported that most are the consequence of humans interactions, sale of services, and 10
from embedded systems. In particular, WEF estimated that every 60 seconds (see the
infographic in Figure 1.1), there are:

• 188 million emails

• 18 million text messages

• 41 million Whatsapp messages

• 1 million logins on Facebook,
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Figure 1.1: Average data generated each 60 seconds in 2019 according to the World
Economic Forum. Infographic from Lori Lewis and Chad Callahan (Visual Capitalist)

• 347 thousand scrolls on Instagram

• 390 thousand apps downloaded from stores

• almost 900 thousand dollars spent on e-commerce [6].

Exploring the nature of the daily generated data is immediately clear that most of
these do not present any kind of schema or model to be managed and exploited. Most
of them are texts or the result of an interaction (e.g., scrolls on a platform, likes on
Social media, etc.). However, they are rich in information when building a predictive
system, a recommendation system, or finding latent relationships. However, dealing
with data without a structure is not an issue only for web platforms, but also for other
contexts. For example, in the scientific domain, an open problem regards the ability
to automatically categorize publications depending on their topic or link an author
to his specific research subject. During the first stage of the Covid-19 pandemic, a
strong need for instruments to extract knowledge and differences among daily papers
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about the virus has emerged to help researchers. In finance, finding latent informa-
tion from thousands of reports might mean understanding a company’s real health
condition and avoiding fraud or negative investments. Think of the Enron company’s
famous failure that was predictable by analyzing the content and the social graph of
emails exchanged among its employees. Tens of other application examples are pos-
sible from marketing to national security. It bears witness the increasing interest in
this topic, especially with the novelties in the machine learning domain that require
a large amount of data that are usually collected in an unstructured form. However,
an open issue is present: how to represent information and knowledge so that sta-
tistical models can leverage despite the lack of a structure? Several attempts have
been proposed in these years, and the most promising are related to the concept of
semi-structured data and unsupervised machine learning techniques.

1.1 Unstructured and semi-structured data

It is possible to categorize data in three different ways, depending on how the infor-
mation is stored and organized. When a data model is available and data are orga-
nized according to it, it is said that data are structured. A data model is an abstraction
that determines how things are related to each other, providing at the same time a
logic standardization that makes explicit the main properties of the real-world enti-
ties linked with data. Examples of structured data can be the ones stored in relational
databases. When a structure is missing, we define data as unstructured. In this case,
the information expressed is almost qualitative and is complex to retrieve knowledge
directly. Examples are represented by texts, images, social media content, videos, and
music. Finally, it is possible to count a third category that is the most common in the
big data context: semi-structured data.

This last group contains data that we might include in the former categories in the
first instance but with a certain amount of uncertainty. That is because although they
don’t have a rigid structure to be organized in, at the same time, it is possible to
exploits metadata or relationships that make these not exactly unstructured. Several
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examples are possible, depending on the case. Digital photographs are usually un-
structured, but information concerning time and place of creation, or the author’s
name, can be used to organize them.

Another case regards documents that are usually unstructured. However, categoriza-
tion is possible when metadata is available, such as the topic, the owner’s name, etc.
Finally, most user-generated content on social media can be semi-structured by con-
sidering the user’s profile or considering the additional information provided by the
topology of its social network (e.g., Mutual friends on Facebook, sharing on Twitter,
comments, and replies in discussions). This last example covers an important set of
instruments when dealing with semi-structured data, which are network science tech-
niques to find a structure among tons of unstructured data in the form of a graph with
nodes and links.

1.2 Main challenges

Big data’s wealth of information represents what machine learning models need to
learn concepts and tasks, providing enough generalization margins. Moreover, it can
also be useful for data mining applications when the goal is to extract latent and valu-
able knowledge. However, the unstructured nature of these data, inevitably, adds more
challenges in both cases. Indeed, machine learning models need input data in numeri-
cal vectors (feature spaces) for supervised and unsupervised learning. The same issue
comes back again when we are interested in finding quantitative information (e.g., the
similarity between two or more documents or measure any statistics). Another inter-
esting case is the one related to network science techniques to analyze data having
(or looking for) a graph structure. Several systems can be efficiently described as
nodes that interact with each other (e.g., social networks, recommendation systems,
interaction among proteins, financial market). In this case, we cannot apply machine
learning techniques directly because of the lack of the euclidean structure.

In the past, a way to overcome these issues was to perform manual feature engi-
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neering, which requires the use of domain knowledge to extract features from raw
data with data mining techniques. The advances, especially in the neural networks
field, enable generalization and automation of this task by learning features directly
from the input data distribution. This task can be seen as a pre-processing step in a
modern machine learning project and involve machine learning itself. This automatic
feature extraction is also known as “Representation learning”. We can summarize it
as learning a vector representation of input data in a supervised or unsupervised way.
Moreover, the vectors’ dimension is usually a hyper-parameters that can be chosen
arbitrarily. We can learn these representations or embeddings for different kinds of
data: from words, entire documents, nodes or edges in a graph, images, and signals.

However, the resulting embeddings do not have to be confused with only a way of en-
coding unstructured data (like the Bag-of-words model). Indeed, embeddings encode
data preserving and providing more information, for example, semantic similarity for
words that will be close in their vectorial representation.

In conclusion, when dealing with unstructured data is often crucial to perform an aux-
iliary task of representation learning to get an exploitable form of data. The choice
of how to achieve this preliminary task influences all of the next stages in a typical
data-mining pipeline. The challenge consists of finding a way to preserve much infor-
mation as possible when looking for a structure. Second, with the promising results
achieved recently, it is interesting to exploit these resulting vector spaces also to make
knowledge extraction.
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1.3 Overview of this thesis

In light of the current challenges and advances in the field of Representation Learn-
ing with unstructured data, my research activity has been focused on this topic. In
particular, in this thesis are reported the results achieved in three main directions:

• Using representation learning techniques based on neural networks to extract
latent knowledge from documents. In particular, two use cases are reported:
the first analyzes scientific documents from the public repository Scopus com-
bining word embeddings and Human mobility metrics. The second one re-
gards neural network embeddings to extract knowledge from financial reports
of thousands of American companies in the stock market. This last one is a
joint work with the University of Florida, where I spent my abroad period of
research.

• Overcome computational limits of representation learning on graphs: A dis-
tributed version of the famous algorithm Node2Vec has been developed to
overcome mainly issues related to representation learning over large networks

• Development of a novel meta-algorithm for feature learning over dynamic
power-law graphs. One limit of the current approaches is that they are not suit-
able for dynamic and temporal graphs because they are intrinsically transduc-
tive. When a new node joins the network, in order to get its representation, it is
necessary to train a new model over the entire graph. Thus, to take into account
dynamic contexts, other approaches need to be developed. My contribution in
this field regards a meta-algorithm that exploits properties of scale-free graphs
to encode new nodes without recurring to a re-train of the model over all the
nodes. It computes a light embedding over 20% of nodes with the highest de-
gree, and then it performs a supervised alignment by solving the orthogonal
Procrustes problem. It is a meta-algorithm since it can leverage initial static
embeddings coming from different algorithms to achieve a representation in a
dynamic context, as it will be presented later in section 7.2



Chapter 2

State of the art and related work

The way information is represented has a large impact on the type of operations that
are easy or practical to perform with it. Several examples can be presented: for ex-
ample, it is easier to achieve a division with Arabic numbers rather than with Roman
ones. Decomposition in prime factors allows understanding a number’s components
to perform operations or simplify a calculus. Finally, it impacts how data can be lin-
early divided into clusters or sets to perform classification tasks and how dimensions
can be reduced for further analysis or data visualization.

The performance of machine learning methods is heavily dependent on the choice of
data representation on which they are applied. Thus, most of the effort in deploying
this kind of technology goes into designing methods that can improve representation
preserving much information as possible. In that sense, most of the machine learning
algorithms are weak and cannot extract and organize the discriminative information
from the input data, so it is often required manual extraction of features. On the other
hand, artificial neural networks work precisely in the opposite direction.
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2.1 Desiderata of a good representation

Machine learning models learn from a set of observations that describes the con-
sidered domain’s relevant characteristics, also known as features or design matrix.
The main assumption is that we would like to get, ideally, a model that catches the
reasons underlying the data generation source from these observations. Practically,
we want to learn the joint distribution p(X |Y ), where X is the feature set, and Y is
the prediction’s goal. Once we get this distribution, we can compute the probability
p(y|x) where y and x are elements of the labels set and design matrix, respectively. In
light of this, the feature we choose to describe the domain acquire an important role.
For many kinds of data, a vector representation is not directly available: for exam-
ple, words, documents, manifolds, and graphs. Thus, we need to encode these data in
some way. One approach, very popular until a few years ago, is feature engineering:
a manual extraction of features. However, this approach has different limits:

• A good domain knowledge is required

• Difficulties into understanding which features are relevant for the task or not
(feature selection)

• Difficulties for transfer learning: reusability of features for a different task start-
ing from a similar distribution of input data

On the opposite side, another approach that grew recently, especially for the advance
in the neural network field, is to learn a representation directly from data by solving
an auxiliary task: the so-called Representation Learning. The main desiderata of a
good representation of unstructured data:

• Dense representation: We would like to get a vector representation, but at the
same time, we do not want that each component describes a single aspect.
When we learn from data, we cannot have prior knowledge of the number of
relevant characteristics. We would like to select an arbitrary dimension and be-
ing able to compress relevant information in a distributed way across these
components. Within a dense representation, we can encode easier a higher
number of features keeping the vector dimension reasonable.
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• Easier separability of data: The new representation should make the next clas-
sification tasks easier, like any other operations we are interested in.

• Information preserving: The learned representation has to ensure information
preservation, ideally, without loss. For example, we want to encode words by
taking into account the context of the words.

• Representation learning should be unsupervised

Neural networks enable unsupervised Representation learning. Indeed, this automatic
feature learning ability of ANNs is the main advantage of this model to the other ma-
chine learning algorithms. Some of these requirements are also ensured by different
machine learning techniques like Principal Component Analysis (PCA) or the clus-
tering algorithm K-means. However, only neural networks currently can satisfy all
of them at the same time. This fact is motivated by the following other approaches
limits:

• Non-dense encoding: K-means is an unsupervised method that produces a clus-
ter label for each input with usually a binary encoding vector with all zeros and
one in the element corresponding to the associated cluster. The same problem
will be further analyzed in the context of text-mining with the Bag-of-words
model.

• Dense-encoding with loss of information: The encoding produced by PCA, by
contrast, is a dense encoding that maps the input X to its projections into K
different directions. It is unsupervised so it does not take into account linear
separation among classes. It is based on matrix factorization and it can work
only with already real-value data. Indeed, it is almost known to reduce dimen-
sions of representations rather to learn one.

• Not suitable for transfer learning

• Representation is gathered by transformation but it is not learned to make a
classification task easier.
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2.2 Representation Learning with Neural networks

Artificial neural networks (ANN) can be thought of as universal approximators of
functions that can learn a function that is able to map input data X to a continuous
or discrete variable Y . These networks are composed by unit called artificial neurons
that are organized in layers Figure 2.1.

The approximated function is parametric and depends on the weights w of the net-
work. These weights define a multiplier for each connection among two neurons
and are the items that are learned solving an optimization problem with usually the
Back-Propagation algorithm [7]. Generally speaking, we can say they approximate
non-linear relationships between input and output by learning latent representations
in the hidden layers [8].

Figure 2.1: Example of artificial neural network’s structure.

Specifically, the last layer of the network is typically a linear classifier, such as
Softmax regression classifier [9]. Supervised training leads to a representation of the
input at each layer, but the one in the last layer takes the properties that make the
classification task easier [10]. In other words, classes that are not linearly separable
in the input features may become linearly separable in the last hidden layer. Feature
learning with neural networks enables also to reusability. Indeed, features learned by
a neural network can also be used for Transfer learning: different supervised tasks
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starting from the same input data. This last procedure is beneficial when data for one
task is less than the necessary ones to train a new model.

Moreover, artificial neural networks can learn a dense representation starting from
manifolds, text and graphs that have been previously encoded in some way (e.g.,
one-hot encoding), but adding more information to the representation by learning
features with an auxiliary task. As it will be presented in the next sections, the suc-
cess of the famous word embedding algorithm Word2Vec relies on training a model
to predict the missing word in a context or vice-versa.

Despite all these premises, neural networks can learn a representation as a side effect
of optimizing an objective function combining different non-linear layers. The recent
results with deep learning architectures have powerfully demonstrated their ability to
learn useful representations starting from raw data (e.g., Convolutional neural net-
works in Computer vision or Recurrent neural networks for speech recognition and
translation [11],[12]. Moreover, it is not often required to design and train complex
deep neural networks for this goal. In fact, one way relies on the use of shallow neural
networks or auto-encoders by designing the auxiliary task accurately to learn good
features [10],[2]. This last one is often referred in literature as unsupervised learning,
although in this case, it has a meaning of learning as a result of another task.

The success of these models in feature learning also enables one of the research
questions of this thesis: If the model can understand latent relationships among data,
is it possible to use this representation to extract knowledge?

2.3 Word embedding

When dealing with words, the main problem is that they do not rely directly on real
value feature vectors. Thus, an encoding of words is necessary to get the encoding
of a document to apply later statistical learning algorithms. One of the most used
techniques in the past is the Bag-of-word model with one-hot encoding. A dictionary
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is built with all the words in the analyzed documents. If we have n different words,
we can encode them with n-dimensional vectors that are zeros vectors except for
the word’s index in the dictionary (Figure 2.2). The same happens when we want to
encode a document that will be an n-dimensional vector with ones corresponding to
the document’s words (Figure 2.4).

Figure 2.2: Bag-of-words example for words encoding.

Figure 2.3: Example of document encoding with the Bag-of-words model

Bag-of-word is a sparse encoding but also a local representation. Indeed, we are
using single components to describe each entity. This approach is thus inefficient in
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terms of memory, but it also lacks a way to represent useful information. For exam-
ple, words always have the same distance from each other. Context and order are not
taken into account, and inevitably, there is a loss in terms of semantic similarity detec-
tion. This model can be improved by using techniques that allow a better valorization
of words in the vectors using co-occurrences information, such as frequency-inverse
document frequency (TF-IDF). However, the model remains a local representation,
although it can seem a dense representation. The difference between local represen-
tation and distributed representation is a key-factor in representation learning.

Distributed representation concept has firstly introduced by Hinton in the early nineties
[13]. To explain this concept in particular in the neural network’s field, it is better to
highlight the contrary: In non-distributed or local representation, each possible value
has a unique representation slot. It is memory consuming, and usually, the result-
ing vector is sparse. Sparsity is a disadvantage since, for example, words with close
meaning do not have closer representations. Despite that, distributed representation
describes the same data features across multiple and scalable components. These
components are usually implemented as the corresponding weights in neural net-
works’ layers. Each layer defines the information with the same accuracy level, but
adjusted for the level of scale. These layers are learned concurrently but in a non-
linear way. This mimics human logic since each concept can be accessed by more
than one neuron firing, and each neuron can represent more than one concept [13].

Word embedding techniques can overcome the limits of sparse encoding and local
representation by learning vector descriptions of words in an unsupervised way using
distributed representation and simple neural networks. The first exciting attempt in
this direction was the Neural Language model from Bengio et al [1]. On this basis, a
novel algorithm was introduced by Google in 2013: Word2vec [2].

2.3.1 Neural Language model

The main goal of statistical language modeling is to learn the joint probability func-
tion of sequences of words in a language. However, in order to achieve this result,
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it is necessary to deal with the so-called curse of dimensionality because of a large
number of discrete variables results in exponentially large free parameters.

Indeed, a word that has never been seen during training could be very different from
all the word sequences already seen. Traditional approaches are based on n-grams
that concatenate short overlapping sequences seen in the training set. One way to
solve this problem consists of learning dense and distributed vectors of features from
each word. In this way, generalization is possible when new sequences have a nearby
representation with words already seen.

Dealing with this problem, in 2003 Bengio et al proposed the Neural Language model
[1]. This model simultaneously learns a distributed representation for each word and
the probability function for the entire sequence with these representations. In par-
ticular, to learn a representation of a word is used a context window (a number of
words surrounding from left and right the target one in a sentence). Each word is
described as a point in a vector space. The probability function is expressed as a
product of conditional probabilities of the next word given the previous ones using a
neural network. Features vectors associated with each word are learned, maximizing
the log-likelihood of training data.

The objective of the model is to estimate the parameters that minimize the per-
plexity of the training set. Where the perplexity represents the required dimension
to encode a word. The Neural model has a hidden layer with tanh activation and the
output layer is a Softmax layer. The output of the model for each input of (n-1) prev
word indices are the probabilities of the |V | words in the vocabulary.
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Figure 2.4: Neural architecture from Bengio et al [1]

2.3.2 Word2Vec

The main limit of the Neural Language model is related to the computational com-
plexity since it involves non-linear projections of each word and different epochs of
training. Indeed, this model is unable to process more than a few hundred million.
For many tasks, this is a bottleneck since the corpus’s size usually dominates the per-
formance.

In [14], Mikolov et al proposed techniques for measuring the quality of the result-
ing vector representation and using linear projections to simplify the neural network.
In particular, they require the expectation that not only will similar words tend to be
close to each other, but that words can have multiple degrees of similarity. Among
these degrees, a surprising result is that using a word offset techniques, it is possi-
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ble to implement algebraic operations on word vectors. A famous example is that
vector("King")- vector("Man")+ vector("Woman") results in a vector that is closest
to the vector("Queen").

In light of this, Mikolov et al in 2013 proposed two novel architectures to learn vector
representation from words that are the basis of the well-known Word2vec algorithm
[2]. The two model architectures are the Continuous Bag-of-Words model (CBOW)
and the Continuous Skip-gram model. They are both based on auto-encoders with
linear activation function in the unique hidden layer. Thus, the projection matrix is
unique and shared among words. Moreover, to learn a representation of a word, they
consider past and future as a window on a context: some words from the left and an
equal number from the right side. The scheme of the two architectures are presented
in Figure 2.5.

Figure 2.5: The architectures available in Word2vec. Source: [2]

The main difference is that CBOW takes the context as input and try to predict
the missing word, while the Skip-gram tries to predict the surrounding context from
an input world. The two models are linear feed-forward neural networks trained with
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stochastic gradient descent and the back-propagation algorithm.

The CBOW model tries to predict a word given its context. It is called bag-of-words
since the projection is not dependent on the order of the words in the history. The
Skip-gram model is trained to predict neighbor words in the sentence. Here, since
the more distant words are usually less related to the current word, the more distant
the words are, the less they are sampled. The output layer is implemented with a
hierarchical Softmax function. Values from the hidden layers are then the resulting
word embedding vectors. This means that syntax and semantics are captured as the
indirect result of predicting the next word in a sentence. In the Skip-gram given a se-
quence of training words w1,w2,w3, ...,wT , the objective is to maximize the average
log probability:

1
T

T−k

∑
t=k

log p(wt |wt−k, . . . ,wt+k)

where:

p(wt |wt−k, . . . ,wt+k) =
eywt

∑i eyi

In other words, it learns a word feature vector by predicting its context in a window
of surrounding other words preserving the order.

Each output of yi is the unnormalized log-probability for each output word i and
it is computed as:

y = b+Uh(wt−k, . . . ,wt+k;W ) (2.1)

where U , b are the softmax parameters. h is constructed by a concatenation or an
average of the word vectors extracted from W . On the other hand, the CBOW learns
feature vectors by predicting a word missing from its context. For this reason CBOW
results to be faster than Skip-gram but less accurate in capturing some semantic as-
pects of the words.

Moreover, we can say that is one-shoot learning because only one epoch of train-
ing is required. Word2vec is presented as a neural network, but it can also be seen as
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a simple matrix projection with elements learned by optimization. This simple archi-
tecture is the main advantage of this algorithm in terms of computational complexity.
Finally, the high quality of word vectors is because the network is trained with an
excellent auxiliary task. Similar words have similar representations when they co-
occurred in a similar context. This kind of simple architecture is also called shallow
neural networks.

Results of Word2Vec training can be sensitive to parameterization. The following
list includes the most important parameters is very important in Word2Vec training:

• size, which defines the dimension of the feature vectors;

• min count, which defines the minimum number of occurrences below which
words are not considered in the model;

• window size, which is the maximum distance between the current and the
predicted words within a sentence. Each window is centered on a word in the
sentence and it considers the same number of words from the left side and the
right side, when it is possible.
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2.3.3 Doc2Vec

Once we learned feature vectors for words in a document, we might desire to perform
several document tasks. Some examples are topic detection and document similarity
estimation. However, to achieve this result, especially for the document similarity,
we need to find a way to get unique descriptions for the documents. One idea is to
average or sum all word vectors to get a document vector. However, this approach
can be expansive, particularly when long documents are considered and thinking that
learning word embeddings is already computationally challenging in this case.

Another strategy consists of learning a document vector directly while learning word
vectors. Indeed, in [3], Le et al came up with an extension of Word2Vec that is di-
rectly able to learn feature vectors for documents in an unsupervised way: Doc2Vec.
This algorithm learns distributed vector representations for paragraphs, regardless of
their length, while learning word feature vectors.

Practically, it exploits the same logic as the Word2Vec architecture but it introduces
also the concept of the paragraph token. This token acts as an additional word and as
memory to remember what is missing from the current context. Thus, the paragraph
token has an associated paragraph vector to be learned. This vector is shared with all
the windows context that the algorithm uses to learn the other word embeddings for
the same document.

Instead each word feature vectors that compounds the W word vector matrix is shared
across the other paragraphs. Also, in this case, Doc2Vec provides two different archi-
tectures, Figure 2.6. The first, Distributed Memory version of Paragraph Vector (PV-
DM) is an extension of the CBOW model in Word2Vec. The only thing that changes
in compared to the Word2Vec architecture is in equation (2.1), where h is constructed
from both W and D (the document matrix that contains all of the paragraph vectors).
Then it takes the concatenation of W and D to predict the next word.

The other version, as an extension of the Skip-Gram is the Distributed Bag of Words
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version of Paragraph Vector (PV-DBOW). In both architectures, for each document
vectors are unique, while the W are shared. Each document is mapped to a unique
vector represented by a column in matrix D and each word is also mapped to a unique
vector, represented by a column in matrix W . The D and W are concatenated to pre-
dict the next word in the context.

Figure 2.6: The architectures available in Doc2vec. Source: [3]

2.4 Graph embedding

For decades, graph-data study has been limited to analysis of the network topology
with structural metrics aiming to extract connectivity patterns among the system com-
ponents. More recently, with the progress of Machine Learning techniques, the idea
of taking advantage of this kind of structure also emerged to perform prediction tasks
or clustering. For example, in [15], the authors modeled the interaction between pro-
teins as a network, intending to automatically predict a correct label for each protein
describing its functionalities. In [16] the authors use a temporal network to model the
US stock market to discover correlations among the dynamics of stocks’ clusters and
to predict economic crises. In [17] the authors analyze a social group of patients to
extract new knowledge about their emotional state and temporal disease pattern by
modeling them in two attributed networks: an interaction network and a friendship
network.

However, the application of Machine Learning directly on graph-data is challenging
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because of the necessary manual feature extraction. This limit leads to approaches
that study the application of machine learning models directly on graphs. In particu-
lar, two approaches in this direction are currently in state of the art:

• Ad-hoc learning models for graph: Building new learning models that can
directly take a network as input and are specialized in prediction tasks on
graph-data. The Graph Neural Network Model represents the most important
advances [18]. It makes a mapping of the network topology as units of a Re-
current Neural Network and Graph Convolutional Network [19] that takes the
adjacency matrix and nodes specific features as input to learn prediction tasks
by using different kinds of convolution operations in the graph domain.

• Embedding techniques for non-euclidean data: The idea of finding a latent
vector representation that can capture the key features of the data is common in
different Data mining and Machine Learning tasks (e.g Natural Language Pro-
cessing, Computer Vision, Dimensionality Reduction). This approach’s main
reason lies in the need of using well-known machine learning models (e.g
SVM, decision trees, regression models, and neural networks) that require a
euclidean feature representation.

Graph embedding techniques can be divided in two general sectors: Factorization
based Methods and Random walk based methods. Algorithms of the first case obtain
the embedding by factorizing a specific matrix based on the graph, like the Adjacency
matrix, Laplacian matrix or the node transition probability matrix. Approaches to fac-
torize the representative matrix vary based on the matrix properties. If the considered
matrix is positive semi-definite, e.g. the Laplacian matrix, one can use eigenvalue de-
composition. In other cases, it is possible to factorize using gradient descent methods.
Some examples of this kind of embedding algorithm are LLE [20] which preserves
first-order proximity, and LINE [21], which also preserves the second-order proxim-
ity in the graph. Instead, the second case algorithms obtain a graph embedding by
generating walks on the edges randomly and processing them using different learn-
ing models to extract and preserve key features of the graph. The main advantages of
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random walks are that they can approximate many properties in the graph, including
node centrality and similarity, and easy generation. This approach is gaining interest
for its simplicity and thanks to the adoption of the Skip-gram model [22] as a learning
model, largely used already in text embedding. This approach’s key innovation is op-
timizing the node embeddings so that nodes have similar representations if they tend
to co-occur on short random walks over the graph. To the best of our knowledge the
algorithm at state of the art in graph embedding is Node2Vec [23] which is a random
walk based algorithm

This context can be seen as very similar to the one in text mining where the same
problem has been addressed by performing a representation learning task over sen-
tences, called Embedding, in order to learn a vector representation of each word. In
light of this, several works have highlighted the importance of performing a similar
task with the same models also to extract automatically features from networks that
can preserve local and global information of nodes.

According to [24],the most common use cases for node embeddings are:

• Visualization: The problem of visualizing graphs in a 2D space is not recent
with several other approaches presented in the past. Node embeddings offer a
powerful new paradigm for graph visualization: because nodes are mapped to
real-valued vectors that can be combined with generic techniques for visual-
ization high-dimensional datasets (e.g., t-SNE or PCA)

• Clustering and community detection: Node embeddings are a powerful tool
for clustering related nodes, with several applications from computational bi-
ology to marketing (e.g., discovering related products). It is possible to apply
any generic clustering algorithm to the set of learned node embeddings (e.g.,
K-means).

• Node classification and semi-supervised learning: It is often the benchmark
task to evaluate the quality of embeddings. The goal is to associate a label to
each node in the graph with supervised or semi-supervised learning (where
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labels are only available for a small proportion of nodes, with the goal being to
label the full graph based only on this small initial seed set)

• Link prediction: The goal is to predict missing edges or edges that are likely
to form in the future. This task is at the core of recommender systems (pre-
dicting missing friendships in social media platforms or suggest a product or
a movie to a client). Finally, it is interesting for the prediction of missing rela-
tions between entities in knowledge graphs.

2.4.1 DeepWalk

DeepWalk aims to learn the latent representation of nodes in a network in a con-
tinuous vector space that can be easily exploited by traditional Machine Learning
models. This algorithm generalizes the advancements in word embedding obtained
with Word2Vec [2] by combining its neural language model, known as Skip-gram
[22] and the generation of truncated random walks on the network that play a role
equivalent to sentences in text mining. To achieve this result, it optimizes a neigh-
borhood preserving objective function using the Stochastic Gradient Descent with a
Hierarchical softmax in the form of a shallow Neural network. More details about
the optimization function are discussed in the next section because also Node2Vec is
based on the same function but with a different generation policy of random walks.
From a computational point of view, DeepWalk results in a lightweight algorithm in
terms of required memory for two reasons. The first one is that random walks are
generated, considering only edge weights and a uniform probability distribution. The
second one is that to avoid memory limits, it implements a streaming strategy to deal
with large networks. However, this last aspect is responsible for the growth in time
complexity and less representation quality. The main parameters of the algorithm
are the number of dimension for the embedding space d, the number of walks to be
generated for each node γ and the walk length ω .
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2.4.2 Node2Vec

Node2Vec [23] extends the previous node embedding algorithm DeepWalk. From the
last one, Node2Vec retrieves the Skip-gram model [22] and the idea of learning em-
beddings by analyzing the relationships among the entities in the form of sequences
and the use of a shallow neural network model. Indeed, Word2Vec learns word em-
beddings by analyzing the context of each word in a corpus. It predicts the current
word from a sliding window of surrounding context words. The key idea of applying
this model in the graph domain is to build something similar to a text corpus (a set of
word sequences) by performing random walks. The result can be thought of a set of
word sentences where words are substituted with nodes that compose the walk. The
innovation of Node2Vec with respect to DeepWalk is in the method that is used to
build biased random walks on the network. In the previous one, in fact, random walk-
ing is obtained by a uniform random sampling over the linked nodes, while Node2Vec
combines two different strategies for the network exploration: Depth-First-Search
(DFS) and Breadth-First-Search (BFS), see Figure 2.7. It also uses a second-order
Markov chain and the Alias sampling to select the next node to be visited in the walk.
In order to learn latent representations, Node2Vec optimizes a neighborhood preserv-
ing function by also redefining the concept of the neighborhood as a set of visited
nodes depending on the combination of BFS and DFS. The considered optimization
problem is the following:

max
f

∑
u∈V

logPr(Ns(u)| f (u)) (2.2)

where f is the function that maps each node u ∈V in the vector space and Ns(u)
is the Neighborhood of node u, sampled with a combination of the two exploration
policies cited above. The algorithm’s main parameters are the same as DeepWalk
with two other more to manage the network exploration: P (or Return parameter) that
controls the likelihood of immediately revisiting a node in the walk; Q (or In-out
parameter) to manage the BFS. The main steps of the algorithm can be summarized
as the following:

1. Probabilities computation over edges with a second-order Markov chain.
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2. Alias sampling and random walks generation.

3. Embedding with the Neural network model.

Figure 2.7: BFS and DFS search strategies from node S.

2.4.2.1 Probabilities computation

To feed the neural network for the embedding step, Node2Vec has to perform a fixed
number of random walks starting from each node, with a fixed length. These walks
are based on a second-order Markov chain that considers the parameters p and q to
mix the two different search strategies introduced previously. The algorithm’s first
duty is to generate all of the required probabilities over the edges for the next random
walks generation. Formally, given a source node t, that can be also an intermediate
step for other walks, a 2nd order walk has to be generated by considering the 2nd order
neighborhood of node t. Let C0 = t and C1 = v, where v is a first order neighbor of
node t. The next edge to be traversed is chosen by the following distribution:

P(Ci = x|Ci−1 = v) =


ωvx · αpq(t,x)

Z i f (v,x) ε E

0 otherwise

(2.3)

where ωvx is the edge weight, Z is the normalizing constant and αpq(t,x) is the
search bias function. The bias function α is defined with the aim of joining BFS and
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DFS strategies:

αpq(t,x) =



1
p i f dt x = 0

1 i f dt x = 1

1
q i f dt x = 2

(2.4)

Where dt x is the geodesic distance between the starting node t and the considered
node x. An example of this step is presented in Figure 2.8. At the end of this phase,
each edge of the network has a set of values that describe the edge’s probabilities
to be traversed during a random walk, depending on the source node. This compu-
tational step represents the first bottleneck of the algorithm in terms of memory and
required computational times because it depends on the dimension of the network
(nodes and edges number) and on its density. How to overcome the emerging limits
of this calculus, while analyzing a large network, will be further explained in Section
5.

Figure 2.8: Example of the calculus of probabilities over edges with a second-order
Markov chain

2.4.2.2 Generation of the random walks

Once a set of probabilities is associated with each edge depending on each node’s
second-order neighborhood, Node2Vec is ready to perform the random walks effec-
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tively based on the number of walks and Walks length parameters. To sample the
edges to be traversed from the probability distribution obtained in the previous step,
the algorithm uses the Alias method [25]. This method enables the algorithm to sam-
ple efficiently from the discrete probability distribution by building and consulting
two tables: the probabilities table and the alias table. The algorithm uses a system
based on a biased coin to decide. At the end of this phase, random walks get col-
lected. The collected sequences of nodes play the same role as sentences in a text
mining corpus. In this analogy, sentences are built from the nodes that have been
traversed by each walk.

2.4.2.3 Embedding with Neural networks

The neural network model used by Node2Vec is the same as Word2Vec [2]. The
basic idea is to train a simple neural network with a single hidden layer to predict
the most probable word that follows the input one, but then the algorithm does not
use this model for the task we trained it on. Instead, the goal is actually just to learn
the weights of the hidden layer that will represent our euclidean representation of the
input. The training set is composed of word pairs (x,y) where x is the input word
and y is a nearby word of x in a fixed window in each sentence of the corpus. In the
case of Node2Vec the operation is the same but the algorithm uses node pairs and the
corpus is composed of the previously computed random walks.

2.4.3 Open problems

Several open problems are still open in the field of graph embedding. According to
[26], there are three important challenges to be dealt in this field:

• Scalability: Most of the available approaches are claimed to be highly scalable
in theory. However, significant bottlenecks in the algorithms lead to unfeasible
requirements when dealing with truly massive datasets. Most evaluation setups
assume that the attributes, embeddings, and edge lists of all nodes used for both
training and testing can fit in main memory, an assumption that is at odds with
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the reality of most application domains, where graphs are massive, evolving,
and often stored in a distributed way.

• Modeling dynamic and temporal graphs: Several application domains in-
volve dynamic graphs where timing information is critical—e.g., instant mes-
saging networks or financial transaction graphs. However, we lack embed-
ding approaches that can cope with the unique challenges presented by tem-
poral graphs, such as the task of incorporating timing information about edges.
Moreover, the node embedding with current approaches is based on trasductive
learning. Indeed, to learn about a node, the model has to see all the nodes in the
dataset. When a new node joins the network, it is necessary to train the model
over the entire network to get its feature vector.

• Improving interpretability: Representation learning is attractive because it
relieves much of the burden of hand designing features, but it also comes at a
well-known cost of interpretability. We know that embedding based approaches
give state of the art performance, but the fundamental limitations—and possi-
ble underlying biases—of these algorithms are relatively unknown. Given the
complexities and representational capacities of these approaches, researchers
must be ever vigilant to ensure that their methods are truly learning to rep-
resent relevant graph information and not just exploit benchmarks’ statistical
tendencies.

In this thesis, two different solutions are presented to deal with the first two points.
Finally, the idea of using embedding spaces to extract knowledge goes in the direction
of improving interpretability in general for representation learning.

2.5 Knowledge discovery from unstructured data

Since digital documents are being produced and collected at increasing volumes,
automatic knowledge discovery and data mining are becoming more and more im-
portant. In particular, in the context of Big Data mining, the ability to retrieve in-
formation, insights and values from documents, in their heterogeneous forms, is cru-
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cial. This task represents a challenge for decades, with the aim to find a trade-off
between automatic knowledge discovery and performance of tools and techniques
able to give a productive representation of knowledge. In [27], the authors were
already discussing the need for computational theories and tools to assist humans
in the extraction of useful information from the rapidly growing volumes of digital
data. Several attempts have been presented in literature in different domains, with a
particular attention on ways to extract information from text data exploiting semantic
properties. For example in [28], the authors analyzed healthcare scientific publica-
tions to understand directly which methodologies are most used in a field and what is
the status of research reached to help stakeholders to plan research funding. In [29]
word embedding is used for topic modeling to analyze and explain the behavior of the
CiteScore metrics for journals indexed in Scopus in 2017 and to get statistics about
the impact of topics. In [30], the authors demonstrate how the semantic space built
with Word2Vec on large corpora, combined with network science tools (such as de-
grees, distances and clustering coefficient) can be relevant for knowledge discovery.
In the last years, other researchers tried to address unsupervised knowledge discovery
with different approaches but all based on machine learning models [31, 32, 33, 34].
Finally, in 2019, Tshitoyan et al, come up with a novel research work [4] published in
Nature where they apply word2vec to the analysis of the materials science scientific
literature for knowledge discovery. Indeed, publications contain valuable knowledge
regarding the connections and relationships between data items as interpreted by the
authors. They show that materials science knowledge present in the literature can be
efficiently encoded as information-dense word embeddings.

The authors collected approximately 3.3 million scientific abstracts published be-
tween 1922 and 2018 in more than 1,000 journals deemed likely to contain materials-
related research, resulting in a vocabulary of approximately 500,000 words. They use
the Skip-gram model available in word2vec encoding each word in 200-dimension
vectors.

They highlight that neural network embedding can learn different insights by learn-
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ing word vectors in their context. They found an algebraic relationship among the
material similar to the one found between words King and Queen in Mikolov et al
in [14]. In particular, many words in the corpus represent chemical compositions of
materials, and the five materials most similar to LiCoO2 (a well-known lithium-ion
cathode compound) can be determined through a dot product (projection) of normal-
ized word embeddings (See Figure 2.9.

In particular, these embeddings capture complex materials science concepts such as
the underlying structure of the periodic table and structure–property relationships in
materials. Furthermore, they demonstrate that an unsupervised method can recom-
mend materials for functional applications several years before their discovery.

Figure 2.9: The projection found for LiCo02 [4]
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Chapter 3

Proposed methods for Knowledge
discovery

In light of the neural networks’ ability to capture fundamental aspects among data by
learning a different representation in the output layer and considering that this repre-
sentation makes the classification or clustering easier, can we exploit these techniques
to extract new knowledge? Most of my research works aim to answer this question.
This sections presents two methodology contributions in this direction. In the next
chapters two applications of the following methods will be presented. The first one
addresses the problem of knowledge extraction from scholars’ activities and biblio-
graphic databases as a practical example of a group of agents travelling in a semantic
space and how their mobility can be used to extract new knowledge. The second one
is related to the analysis of financial reports (10Ks) from the main American com-
panies in the stock market in order to evaluate how changes in these reports over the
years can be used to predict abnormal returns.

3.1 Mobility trajectories in a word embedding model

In the field of big data, a great interest has rapidly emerged, concerning the study of
geographic positioning and mobility information. The main contribution presented in
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this section is to show how analytical tools, traditionally adopted to deal with geo-
graphic data, can be effectively applied to extract knowledge in the semantic realm,
exploiting the properties of neural network embedding. In fact, word embedding al-
gorithms such as Word2vec, allows to map textual data into points of an arbitrary
multi-dimensional space, in which the notion of proximity reflects an association
among terms or topics.

Although the adoption of such algorithms to mine features is, nowadays, a well-
establish practice, with the following approach we want to take a step further, inves-
tigating a novel approach to discover knowledge in a target domain, based on textual
big data, word embedding and mobility techniques. At the same time, the study of
human mobility has become very important for applications such as estimating mi-
gratory flows, traffic forecasting, urban planning, and epidemic modeling [35, 36].
Mobility is often estimated using the so-called Radius of Gyration (RoG), which is
a measure of mobility volume and indicates the characteristic distance traveled by
an individual [37]. In [38], the Radius of Gyration is used to characterize human
mobility patterns emerging from available GPS trajectories. In [39], starting from
nation-wide mobile phone data, authors investigate the correlations between the Ra-
dius of Gyration and external socio-economic indicators.

In light of this, the idea of combining tools from human mobility into knowledge
extraction from text is a promising research direction. In [40], RoG is used on geo-
localized data from Twitter to study urban systems and human dynamics to help urban
planning and policy making. However, these tools can be an appropriate choice also
when a geographic or spatial reference is missing in the given domain. In this case,
the definition of a geometric space depends on the task and on the available data.
Recently, several works leverage word embedding spaces to get insights from text.

All of these progresses in knowledge extraction, human mobility and in Natural Lan-
guage Processing, motivate our choice of investigating neural network embedding
spaces with Radius of Gyration, to exploit the semantic space and its vector proper-
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ties.

3.1.1 Radius of Gyration

The Radius of Gyration can be defined as the physical length that represents the radial
distance in a rotating system of a body from the axis of rotation itself. Assuming that
the mass of the body is concentrated in a point, the Radius of Gyration is computed
such that the moment of inertia about the given axis is the same as considering the
actual distribution of mass.

In the last years, this metric has been used in different fields, including the estima-
tion of mobility volumes from geographic data [37, 39]. In this field, the Radius of
Gyration of an individual can be expressed as:

rg =

√
1
N ∑

i∈K
(ri− rgm)2 (3.1)

where:

• rg is the Radius of Gyration.

• ri is a vector describing the geographic coordinates of location i.

• rgm is the center of mass of the individual.

• K is the set of locations visited by the individual.

• N is the total number of visits or time spent in a location.

Hence, for each user, the Radius of Gyration can be seen as the standard deviation
calculated among his/her positions with respect to his/her center of mass (that is the
average location overall positions).
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3.1.2 Evaluation of the semantic locations

Our goal here is to learn a representation for each document that is involved in the tar-
get analysis in a dynamic context. For this reason we can link a temporal information
to the documents (e.g., year of release or publication) and an agent that represents the
owner of these documents (e.g., the author) and the traveller in this semantic space
over the time. In the following, it is described how to build these trajectories starting
from a semantic space.

Starting from any representation learning algorithm it is possible to build a semantic
space from the collection of documents. In the application part, the Word2Vec algo-
rithm is used to extract the semantic coordinates of each topic, creating the semantic
space. The training phase needs a sequence of sentences and produces a model which
can be used for multiple purposes.

After the training phase, the model can express a numerical distance between two
vectors, which represent two words (topics). Some examples of distances expressed
as cosine similarity values are shown in the following:

• care, health_care = 0.302976

• volume, distribution = 0.004110

The obtained model holds a vocabulary of words. Each word is represented by an
arbitrary multi-dimensional vector of several coordinates. For each active year of an
agent(author), words that come from his documents are collected, if they belong to
the model. Then, the geometric center (ri, for the i-th year) of the coordinates of the
selected words is calculated. Figure 3.1 shows an example of mobility of an author
during 3 years. For each of the 3 years, the geometric center (in red) of all the topics
(words) of that year is computed (ri).
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Keywordi = 1

Keywordi = 2

Keywordi = 3

ri = 1

ri = 2

ri = 3

i = 2

i = 1

i = 3

Figure 3.1: An example of mobility of an author during 3 years. For each year, the
geometric center (in red) of all the topics (words) of that year is computed (ri).

3.1.3 Estimation of Mobility

This phase aims to estimate the “mobility” of an agent in the semantic space created
by the Word2Vec algorithm. The mobility volume can be estimated through the Ra-
dius of Gyration. In the application section, this metric will be used fro example to
estimate semantic mobility across different research topics, measuring how the works
of a researcher are distributed over different research topics.

The geometric center (rgm) of all geometric centers (ri) of an author’s active years
is computed (Figure 3.2).

The Radius of Gyration corresponds to the mean squared error of the distances be-
tween each ri and rgm, which is the geometric center of all geometric centers (in
green).

In this way, it is possible to estimate a mobility of an agent in a semantic space
with the same metrics that usually are adopted in geographical context.
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Keywordi = 1

Keywordi = 2

Keywordi = 3

Rgm

Ri = 1

Ri = 2

Ri = 3

Figure 3.2: Schematic representation of data used for tracing an author, including:
topics, geometric centers by year and overall center.

3.2 Semantic changes over time with word embedding prox-
imity

Document similarity is a well-known task with several approaches in literature. How-
ever the concept of similarity is problem-dependent and the nature of this task is
often unsupervised. Indeed, two documents can be similar or not depending on the
elements that are took into account in the analysis. The most common task defines
similarity on the basis of the common words in the two documents, with metrics de-
rived from the Set theory (e.g., Jaccard similarity). When documents are encoded in
vector representation, for example with the Bag-Of-Words and Tf-IDF, it is possible
to compute the similarity with the cosine similarity between the two vectors. How-
ever the concept of similarity can be more complex: two documents can be similar
because they focus on the same topic or they use synonyms that Jaccard similarity or
Bag-of-words will ignore.
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At the same time, neural network embedding techniques such as Word2vec and
Doc2vec are able to learn synonyms keep into account the semantic of the words
by analyzing window context. However, the design of these networks in terms of
their hyper-parameters is often difficult and again problem-dependent.

3.2.1 Extraction of hidden information from similarity

In this section, a general methodology is presented to extract knowledge with docu-
ment similarity when the goal is to understand if two documents are similar when the
intention of the authors is deliberately to make difficult to understand the difference
by using different words and using different lengths. An application of this method-
ology will be presented later in the financial domain, in particular in the analysis of
American companies financial reports. Indeed, in this domain it is common that man-
agers are encouraged to provide boilerplate information, avoid giving accurate signals
of the company’s status by extending the document length and obfuscating important
information. This managers attitude tries to minimize (maximize) the stock price ef-
fects of negative news (positive news) about their firms. However the same approach
could be used in different domains for example in fraud detection or to understand if
two documents have the same author.

3.2.2 Word embedding approach

The challenging research question here is to understand which methodology could
better address this concept of document similarity by comparing the traditional Bag-
of-words with Jaccard similarity and neural network embedding techniques with the
Cosine similarity. We took into account Word2Vec, learning a document representa-
tion by averaging word vectors and Doc2Vec in both version presented in the State
of the Art chapter. The results will be presented in details in the ad-hoc section but
can be resumed here by looking to a well-known case of document similarity in fi-
nancial domain. In "Lazy Prices" (Cohen et al), [41] argued that a simple comparison
of consecutive reports hides a lot of valuable information. It is true that while tables
in financial statements are always presented with the current year’s numbers accom-
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panied by several previous years’ corresponding numbers, the same is untrue for the
text. The management being "lazy" a lot of times uses last years filings verbatim in
constructing the current year’s reports while making only the necessary changes so
as to be within the boundaries of fiduciary responsibility. Observing these changes
yields an important, and robust indication for future firm performance.

We argue that since the methods used in the "Lazy Prices" paper to measure document
similarity ignore syntax or semantics, these differences can be better captured with
a model that does, especially in cases where the CEO/CFO strategically obfuscate
risks and corporate issues ([42]). The main observation that encouraged us to further
analyze this context is related to the ability of Doc2Vec to better highlight changes
among consecutive documents in this context with respect to the other methods. This
result can be seen in Figure 3.3 and Figure 3.4 where it is possible to compare the
similarity score obtained for 2010 in Lazy Prices for the famous case of the Baxter
company financial reports and our result with neural network embedding. Indeed, the
financial reports in 2010 for this company had valuable information for the investors
because although the report was very similar to the one of the previous year as usual,
important information about a request of more controls on their products from the
Food and Drug Administration (FDA) were hidden in different section. Understand-
ing this fact at the beginning of the year would have been important in predicting the
slump in earnings following the subsequent FDA suspension. In Lazy prices with the
BoW model with Jaccard similarity it is possible to see a difference (red rectangle in
Figure 3.3 between the financial report in 2010 and 2009 but it is marginal and it is
difficult to understand if it is noise or not. On the other hand, a document embedding
model trained on the past reports is able to detect a more robust difference in the
similarity as shown in Figure 3.4

Doc2vec outperforms also Word2Vec in this context because it does not need to
average word vectors but learn a representation of the document while learning word
vectors inside it. More details will be presented in the application section where the
Bag-of-words model, Word2Vec and Doc2Vec are compared with the same data set
in order to maximize investments gains when companies for the portfolio are selected
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Figure 3.3: Similarity between Baxter’s financial reports from year to year with Bag-
of-word and Jaccard similarity

considering these similarities in their consecutive financial reports.
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Figure 3.4: Similarity between Baxter’s financial reports from year to year with the
Distributed Memory of Doc2Vec and Cosine similarity



Chapter 4

The case of scholars’ travelling
across research topics

As a case study, the Scopus database has been queried about works of highly cited
researchers of 2017. On this basis, we have conducted a dynamic analysis, for mea-
suring the Radius of Gyration as an index of the mobility of researchers across scien-
tific topics. Results show some latent properties of this model, which also represent
new scientific contributions of this work. These properties include: (i) the correlation
between the scientific mobility and the achievement of scientific results, measured
through the H-index; (ii) differences in the behavior of researchers working in dif-
ferent countries and subjects; and (iii) some interesting similarities between mobility
patterns in this semantic realm and those typically observed in the case of geographic
mobility.

4.1 Context

In the context of Big Data mining, the ability to retrieve information, insights and val-
ues from documents, in its heterogeneous forms, is crucial. This task is challenging
and require to find a trade-off between automatic knowledge discovery, performance
of tools and techniques able to give a productive representation of knowledge. Several
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works in this area have been already presented in Section 2. In particular, we high-
lighted the key-role that neural network embedding techniques can play in this field.
Indeed, Word embedding algorithms provide a framework where semantic distances
among terms can be evaluated. These computationally-efficient predictive models
turn words or phrases into vectors of real numbers in a multi-dimensional space,
where semantically related words are mapped to nearby points [43, 44]. Among those
algorithms, Word2Vec [2] has reached the status of a consolidated tool.

As a separate research area, several works are conducted in the field of knowledge dis-
covery from bibliographic databases [45, 46]. Scopus, together with Web of Science,
represents one of the most authoritative bibliographic databases [47]. In addition to
the abstracts of articles, it provides access to the references included in those articles,
allowing users to search both forward and backward in time [48].

In [49], data mining techniques are applied to gather and analyze data from the Sco-
pus repository. A social graph of scientific authors is created, starting from citations
among the articles. Moreover, using data mining techniques, some relevant research
topics are inferred for each author, from the textual analysis of the abstracts of his/her
articles. The study shows the emergence of some clusters of topics, which are studied
by distinct groups of authors.

In [50], the relation between interdisciplinarity and citation impact of individual pub-
lications is analyzed for four different scientific fields. Thus, the study does not an-
alyze researchers’ mobility across topics, but the impact of multidisciplinary and
cross-topic researches. The article is relevant because it finds results that are some-
what similar to those highlighted in our own study. In general, interdisciplinarity is
seen as a highly positive criterion for obtaining the most prestigious grants. But the
authors observe that, although the combination of multiple fields has a positive effect
in creating new knowledge, successful research is best achieved by focusing on re-
lated fields of knowledge.
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Instead, interdisciplinary research in fields that are very different could have a higher
chance to fail. On the other hand, those results may suggest that the scientific commu-
nity is reluctant to cite heterodox articles that mix highly disparate bodies of knowl-
edge, thus giving less credit to publications that are too innovative or stimulating. The
conclusion of the article is that the practice of “proximal” interdisciplinarity pays off
in quotations, while highly interdisciplinary researches are not rewarded with citation
success.

Similarly, our research shows that although some mobility may demonstrate some
curiosity in the academic world, this does not pay in terms of a scholar’s impact fac-
tor. A stimulating study, which analyzes the reasons for these results, is described in
[51]. The article analyzes the way in which scholars explore the scientific landscape,
or choose research topics to work on. Scientific literature is seen as a partially re-
vealed landscape, in which scholars, considered as agents in this context, continue to
reveal hidden knowledge by exploring new research themes. Through the researchers’
strategic behavior in the choice of topics to work on, the authors bring out, grow,
support or decay the topics characterizing the evolution of scientific research. The
proposed framework assumes that scholars have different goals, such as surviving for
a long time in the academic community or achieving greater scientific significance.
Eventually, the strategies they put in place can provide a balance between individual
scientific success and the efficiency and diversity of the whole academic society. The
article proposes four types of scholars who play different roles: experts lead scholars
to topics with high research potentials, mavericks are the pioneers of novel topics,
followers and conservatives embrace the wisdom of crowds. The authors concludes
that the ratio of scholars adopting certain strategies has a significant impact on the
health and progress of the scientific community, and could be a factor to be taken
into consideration if we wish to promote multidisciplinary research and exchange of
knowledge among researchers in different fields.

Thus, many research works dealing with big data are based on geographic posi-
tioning and mobility information, which are being studied with different analytical
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Table 4.1: Related works, organized according to their topic and methodology.

Scholars’ Word Mobility Related
discipline embedding (RoG etc.) works

X [35, 36, 37, 38, 39, 40]

X [29, 30]

X X Nothing, to our knowledge.

X [29, 45, 46, 49, 50, 51]

X X Nothing, to our knowledge.

X X [29]

X X X Nothing, to our knowledge.

tools and methodologies. However, all those approaches rarely find an application
outside of the geographic realm and virtually none tries to apply the concept of mo-
bility in the semantic space of research topics, as shown in Table 4.1. On the other
hand, studies on knowledge discovery from bibliographic databases are conducted as
a completely separate research area. Also among these many relevant researches, to
our knowledge, virtually none has taken into account any semantic mobility metrics,
or even the simple inclination to change the focus on different research topics, during
a scholar’s academic career. In fact, this is the main aim and the main scientific con-
tribution of this research work. Table 4.1, which organizes related works according
to their topic and methodology, also highlights the novelty of our work with respect
to the state of art.



4.2. Methodology 49

4.2 Methodology

The methodological steps have been structured along the following pipeline:

• Data Collection: this step aims to collect the raw dataset that is likely to con-
tain relevant patterns;

• Data Preprocessing: the preprocessing phase increases the quality of the data
and allows one to reach better results in the following steps, removing noise
and incomplete data;

• Generation of the Semantic Space: in this step, the Word2Vec algorithm is
used to create the semantic space;

• Evaluation of Scholars’ Locations: for each author, the scientific production
is used to compute the “average topic" in the semantic space for each year; This
part represent an application of the mobility estimation methodology presented
in the previous chapter.

• Estimation of the Mobility: a dynamic analysis is conducted, measuring the
Radius of Gyration as an index of the mobility volume of each researcher
across scientific topics.

4.2.1 Data Collection

In order to investigate the correlation between the mobility in the topic space and the
success in scientific research, 2998 authors have been selected from the 3500 “Highly
Cited Researchers of 2017” list provided by Clarivate Analytics1. This annual list col-
lects leading researchers in the sciences and social sciences from around the world.
Starting from this set of researchers, a data collection phase is performed from Sco-
pus using the Elsevier developers API. For each author, the following information is
collected:

• Details of each article, such as abstract, keywords, year of publishing;
1https://clarivate.com/

https://clarivate.com/
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• Temporal range of activity;

• H-index metric;

• Nationality and affiliation.

This primary data collection phase has two main purposes:

• Collect textual data to train the Word2Vec algorithm, in order to obtain an
accurate semantic space of topics;

• Collect information about researchers, which will be used in the Data Mining
phase to study the hidden relation between an author’s mobility across topics
and the success in scientific research.

After performing the collection phase, the data is further processed with the aim
of collecting comparable information. In fact, in order to have a fair comparison
among researchers success, it is necessary to consider a common period of work ac-
tivity. In light of this, only authors who have published for at least six years in the
period between 2005 and 2015 are selected. For each author, the H-index metric is
recalculated, considering only the scientific contribution in the considered period.

The resulting number of selected works is 606605, with 113 millions of non-unique
words from abstracts and keywords of the collected papers.

4.2.2 Data Preprocessing

This phase aims to clean the data previously collected in order to increase the accu-
racy of the Word2Vec model. With this aim, standard Natural Language Processing
(NLP) techniques are applied to the textual data. In particular, special characters and
capitalization are removed. A stop words filter is applied to remove words which do
not convey significant meaning (i.e., articles, prepositions). In the end, a stemming
algorithm is used to reduce inflected words to their word stem, base, or root form.
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Generally, in an NLP preprocessing phase, it is also important to deal with N-grams,
which are words obtained by a composition of N words, i.e. “New York” or “New
York Times”. For example, in the sentence “I’ve bought a new car”, the word “new”
has its meaning (adjective in this case). Conversely, in the sentence “I’ve been in New
York” we should consider the word “New_York” as a whole. The aim is to preserve
the words “New” and “York” when they appear separately, but also to recognize the
name “New_York” as a single entity (in the model, all letters are converted into their
lowercase form).

The dataset has been processed using Gensim2, a Python library to realize unsu-
pervised semantic modeling from plain text. In particular, Gensim has been used to
detect co-occurring multiword expressions from a stream of sentences automatically.
In light of this, textual data is preprocessed in order to consider words composed of
both bigrams (2 words) and trigrams (3 words), in addition to unigrams (1 word).

4.2.3 Semantic space generation

In this phase, the Word2Vec algorithm is used to extract the semantic coordinates
of each topic, creating the semantic space. Word2Vec has been chosen among other
word embedding algorithms because of its accuracy and low computational cost. We
have used the Gensim library, which implements the Word2Vec algorithm.

In the Word2Vec model, the coordinates of a topic represent the weights of the hidden
layer in the neural network [52] (size parameter).

The training phase needs a sequence of sentences and produces a model which can
be used for multiple purposes. The training set used by the Word2Vec learning phase
is the output of the data preprocessing phase, described in section 4.2.2.

The training parameters3 of the Word2Vec model are set according to [53] and [54].

2https://radimrehurek.com/gensim/
3https://radimrehurek.com/gensim/models/word2vec.html

https://radimrehurek.com/gensim/
https://radimrehurek.com/gensim/models/word2vec.html
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The most important parameters of the Word2Vec implementation in Gensim library,
that have been changed from the default value, are:

• size = 600;

• min count = 300;

• window size = 132.

We have experimented systematically with different values for min count and size
before selecting the most suitable for our model. To control this process, we have
used a Python implementation of t-SNE (sklearn.manifold.TSNE4) to visualize the
Word2Vec model topics data in a 2D plot. The window size parameter is set as the
average number of words (132) contained in all the abstracts and keywords of the
considered papers. With this choice, words coming from the same paper (words of
abstracts and keywords) tend to be related to each other.

The model is trained with a corpus of about 113 millions non-unique words (coming
from abstracts and keywords of all the preprocessed papers) and with the capability
to recognize bigrams and trigrams. After the creation of the model, the vocabulary
contains 13187 unique words. The obtained model holds a vocabulary of words. Each
word is represented by a multi-dimensional vector of 600 coordinates.

4.3 Experimental results

After having generated a semantic space where scholars move in, we have further
analyzed it from different points of view with the aim of extracting latent knowl-
edge from scholars’ research activities. In particular, we aim to answer the following
intriguing questions:

4http://scikit-learn.org/stable/modules/generated/sklearn.

manifold.TSNE.html

http://scikit-learn.org/stable/modules/generated/sklearn.manifold.TSNE.html
http://scikit-learn.org/stable/modules/generated/sklearn.manifold.TSNE.html


4.3. Experimental results 53

• Is it possible to predict a researcher’s success just by observing his/her attitude
to explore new research topics?

• Is there any pattern in the scholars’ mobility across topics over time?

In this section, we present the different analyses that have been performed and
the related results to answer these questions. The first one can be related to the con-
cept of mobility volume (Radius of Gyration), computed in the semantic space for
each researcher. Moreover, some differences in the behavior of researchers working
in different countries are investigated. The second one has been investigated looking
for the probability density function (PDF) that could better approximate the scholars’
mobility in the semantic space over the analyzed time.

The analyzed dataset is composed of about 3000 researchers. For each author, infor-
mation about articles, country, and H-index is collected, considering only the selected
reference period (4.2.1).

4.3.1 Correlation Analysis

In general, the linear correlation between two variables X and Y is measured by the
Pearson correlation coefficient, Corr(X ,Y ), which assumes a value between +1 and
−1, where +1 is total positive linear correlation, 0 is no linear correlation, and −1 is
total negative linear correlation.

Corr(X ,Y ) =
Σ(xi− x̄)(yi− ȳ)√
Σ(xi− x̄)2Σ(yi− ȳ)2

(4.1)

The considered variables for computing the linear correlations are:

• X : The Radius of Gyration of each researcher;

• Y1 : The H-index of each researcher;

• Y2 : The H-index of each researcher, normalized for subject.
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Figure 4.1: Scatter plot of authors, represented by their Radius of Gyration (x-axis)
and their H-index (y-axis).
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Figure 4.2: Scatter plot of authors, represented by their Radius of Gyration (x-axis)
and their H-index (y-axis), normalized for subject.

Since the researchers’ H-index ranges are related to their research subjects, all H-
index values are grouped by subject and normalized (Y2) to bring all values into the
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range [0,1]. In this way, it is possible to make a fair comparison among researchers
working in different fields.

Table 4.2 shows the correlation values Corr(X ,Y1) and Corr(X ,Y2). It is worth
noting that correlations assume significant negative values.

Correlation Value
Corr(X ,Y1) -0,68418

Corr(X ,Y2) -0,65167

Table 4.2: Linear correlation values Corr(X ,Y1) and Corr(X ,Y2).

These negative correlations can also be observed in Figure 4.1, which shows the
distribution of the authors according to their Radius of Gyration, along the x-axis,
and their H-index, along the y-axis. Since the statistical distribution of citations may
depend on the subject area, in Figure 4.2, the H-index of each scholar is normalized
in the observed range of his/her subject area.

Indeed, results show that rarely a single researcher can have a significant impact
on several different research topics. Instead, the most successful researchers tend to
focus on a quite narrow research area.

4.3.2 Significance Analysis

Statistical hypothesis testing has been used to determine if results are statistically
significant. In particular, we evaluated the following significance:

• Correlation, considering the results shown in Table 4.2.

• Two Regression Models, considering the H-index as the dependent variable for
the first regression, and the H-Index normalized for the subject for the second
one. Both cases use the Radius of Gyration as the independent variable.

For the correlation analysis, the p-value represents the probability that you would
have found the current result if the correlation coefficient were in fact zero (null
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Statistic Regression
Y = H-Index Y=H-Index normalized for subject

R 0.688247525 0.627967253

R2 0.473684656 0.394342871

R2(ad j) 0.473508395 0.39413997

StandardError 0.715257263 0.767136911

Table 4.3: Statistic Regression Results.

hypothesis). If this probability is lower than the conventional 5% (P < 0.05), the
correlation coefficient is called statistically significant. Conventionally the 5%, 1%
and 0.1% (P < 0.05, 0.01 and 0.001) levels have been used. Most authors refer to
statistically significant as P < 0.05 and statistically highly significant as P < 0.001
(less than one in a thousand chance of being wrong). In our case, we have found P <

0.001, and we can therefore state that the correlation is statistically highly significant.

We have also performed a significance analysis of the regression model, using
the F-Test. The F-test indicates whether a linear regression model provides a better
fit to the data than a model that contains no independent variables. In this case, the
p-value indicates if there is a significant relationship described by the model, and the
R2 (coefficient of determination) measures the degree to which the data is explained
by the model. In particular, R2 is the proportion of the variance in the dependent vari-
able that is predictable from the independent variable(s). The Adjusted Coefficient
of Determination (R2ad j) is an adjustment for the Coefficient of Determination that
takes into account the number of variables in a data set. It also penalizes you for
points that don’t fit the model. As in previous cases, we have considered two differ-
ent scenarios, choosing the H-index as the dependent variable for the first regression,
and the H-Index normalized for the subject for the second one. Results are shown in
Table 4.3.

For both cases, we have found P < 0.001, and we can therefore state that the
regression models are statistically highly significant. The results also show that the
Radius of Gyration explains the 47% of the H-Index variance and the 39% of the
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H-Index normalized for the subject.

Even if there is a strong connection between the two variables, determination
does not prove causality, and we can not deduce a cause-and-effect relationship solely
based on an observed association or correlation.

4.3.3 Subject Analysis
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Figure 4.3: Scatter plot of single scholars (a) and their average values when grouped
by research subject (b). Radius of Gyration is on the x-axis. H-index is on the y-axis.
Labels are associated with the corresponding number of instances.

Since this analysis regards scholars working in very different subject areas, in
Figure 4.3 data are distinguished by the subject areas associated with scholars on
Scopus. Subject codes are defined in the Scopus API5. In particular, in graph (a) the
analyzed scholars are colored by subject area. It can be observed that some groups of
scholars of certain subject areas are represented by nearby points and, also selecting
each subject area, the two considered variables are anti-correlated. In fact, consider-
ing the most represented subjects, the following important values of anti-correlation
can be observed: MATH, -0.636; MEDI, -0.677; ENGI, -0.531. To better highlight

5https://dev.elsevier.com/documentation/ScopusSearchAPI.wadl

https://dev.elsevier.com/documentation/ScopusSearchAPI.wadl
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some possible differences among subjects, graph (b) also shows the average values
of the Radius of Gyration and the H-index, grouping scholars by subjects. Accord-
ing to the results, researchers of different subjects behave differently, and also these
average values are scattered approximately along a line with a negative slope. The
subjects with the highest values of the Radius of Gyration are Economics and Busi-
ness. In [55], it is shown that the differences among the average H-index calculated
for each disciplinary field (or Scopus subject) can be largely accounted on both the
career length and the average number of authors per article in the various fields. Fig-
ure 4.3 shows that in correspondence with the lower average H-index in the cases of
Economics and Business, the mobility across research topics measured by the Radius
of Gyration is higher.

4.3.4 Scholars’ mobility pattern

Modeling the authors’ research activities as a travel in a semantic space enables in-
vestigating another kind of result, related to the emergent patterns in the authors’ trips
in this space over the time. In particular we looked for a mobility pattern considering
the displacements between visited locations in consecutive years (flight length) by
each author. Understanding these patterns may be of interest for different stakehold-
ers because it is possible to estimate the probability that a change of a topic occurs
among the top scholars analyzed. For example it could be considered in the evaluation
criteria that occur in many different national academic systems or even to evaluate re-
search projects or their management. Before discussing the specific findings, in this
section we present the methodology that we have used and the kind of results ob-
tained. This kind of analysis can be seen as borrowed from the Human Mobility field,
where it emerges that the length of human travels can be described by a Power Law
distribution in general [37, 56] and by a Lognormal distribution if analyzed with a
transport modality decomposition (walk, car, bike, train, airplane) [57, 38]. In our
analysis the scholars travel among the topics, modeled as the estimated locations. We
have studied the mobility for each scholar and for each year, as discussed in Section
??. The distance between two consecutive locations is measured with the Euclidean
distance. The Probability Density Function (PDF) has been computed over the fre-
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quency of displacements, in order to estimate which distribution can better describe
the authors’ mobility across the topics. We have considered the following distribu-
tions: Power law, Truncated Power Law, Exponential and Lognormal. The following
methodology has been adopted to select which distribution best fits the scholar data:

1. For each distribution, the specific parameters have been selected using the
Maximum Likelihood Estimator (MLE) between the candidate distribution and
the empirical data [58, 59].

2. In order to quantify the goodness of each fit, the Likelihood Ratio test [60]
has been performed among each couple of distributions. As reported in litera-
ture, this comparative test is preferable to an individual one (e.g Kolmogorov-
Smirnov test) for its robustness to noise in the data [61]. The result of this test
is the Log-Likelihood ratio R between the two candidate distributions and a
p-value. The result is considered acceptable if the p˘value < 0.1.

3. Once the best distribution has been selected, we have performed an individual
test for the resulting distribution with the Kolmogorov-Smirnov (or KS statis-
tic) and bootstrapping [62] anyway. The result is considered acceptable only in
the case of p˘value < 0.1.

Figure 4.4 presents the PDFs describing the empirical data from scholars trips and the
candidate distributions, whose parameters have been fitted with the MLE. It is possi-
ble to note that the black curve related to the Lognormal distribution is the one that
best approximates our data. This evidence is also shown by the Log-Likelihood ratio
test, whose results are presented in table 4.4 for each comparison. The Lognormal
distribution parameters estimated with the MLE are µ = 2.967 and σ = 0.449. The
goodness of the Lognormal fit has been also evaluated for the sake of completeness
with individual Kolmogorov-Smirnov tests. As presented in table 4.5, the only distri-
bution fit that is acceptable is the Lognormal one with a KS−distance = 0.03. This
result is interesting also considering that several patterns related to the human mo-
bility follow the same distribution [38]. Once detected that scholars’ travels around
research topics are well approximated by a Lognormal, we try to explain what are the



60 Chapter 4. The case of scholars’ travelling across research topics

implications of this result. First of all, this distribution results to be concordant with
the previous results concerning the Radius of Gyration: top scholars tend to obtain
better academical results by focusing on specific research areas. Lognormal distribu-
tion confirms this result and an interpretation can be resumed in this way: top scholars
obtain better academical results by focusing on a specific research area but moving
enough around all of the sub topics. Most of the top scholars perform medium flight
length travels each year. While it is less probable that they make important shifts over
the space. The same condition for definition of Lognormal occur with very small shift
over the space.

101 102

Flight length

10 7

10 6

10 5

10 4

10 3

10 2

10 1

p(
X)

Scholars data
Power law 
Lognormal 
Truncated Power law 
Exponential

Figure 4.4: Probability Density Function (PDF) that describes the distribution of dis-
placements between the topic locations of consecutive years (flight length) for each
author and comparison with other distributions.
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First candidate Second candidate R P-value
Power law Lognormal 222.65 0.0

Lognormal Truncated Power law 206.68 0.0

Lognormal Exponential 103.61 0.0

Table 4.4: .
Loglikelihood Ratio test results When R > 0 the first candidate fits better than the

second; vice-versa in the other case.

Candidate distribution KS-distance
Power law 0.40

Truncated power law 0.24

Exponential 0.52

Lognormal 0.03

Table 4.5: Results related to the Kolmogorov-Smirnov test applied to each distribu-
tion fit in the Cumulative Density Function form.

4.4 Final remarks

The main objective of this work was to bring some analytical tools, traditionally used
with geographic data, in the semantic realm. We have applied a word embedding al-
gorithm to a large corpus of abstracts of scholarly articles. In particular, the resulting
vector space is obtained through the Word2Vec algorithm, in which a neural network
is used to learn latent relationships among terms. In this kind of space, the notion of
proximity reflects an association between terms or topics.

The case study that we have analyzed deals with articles written by highly cited au-
thors, of many different countries and research fields, systematically collected from
the Scopus database. On this basis, we have conducted a dynamic analysis for mea-
suring the Radius of Gyration as an index of the mobility of researchers across scien-
tific topics. The scientific mobility in the topic space of the case study has been com-
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pared with the reach of scientific results, measured through the H-index. Moreover,
some interesting differences have emerged in the behavior of researchers working
in different countries. Finally, some interesting similarities have emerged, between
mobility patterns in this semantic realm and those typically observed in the case of
geographic mobility.

Results show that rarely a single researcher can have a significant impact on sev-
eral different research topics. Instead, the most successful researchers tend to focus
on a quite narrow research area. These results are compatible with the framework
proposed in [51], in which scholars were simulated by agents with different strate-
gies and objectives, depending on the context in which they operate and the academic
age. Furthermore, similarly to the conclusions proposed in [50], the results of this re-
search show the risk of failure to which multidisciplinary researchers are exposed.
Thus, their curiosity and skills must be adequately supported, in order to flourish in
a knowledge society, being characterized by multiple contradictory objectives, but
having much to gain from multidisciplinary research and achievements.

We believe that the main scientific contribution of this research work is method-
ological, demonstrating that the semantic spaces obtained through word embedding
techniques are amenable to mobility measures, which are typically applied to the ge-
ographic realm. In fact, these initial results demonstrate that the proposed approach
is effective for the domain of scholar data, with promising developments which may
find application also in other domains.



Chapter 5

Financial reports analysis with
Neural network embedding for
portfolio selection

In recent years, there has been an increased interest from both academics and prac-
titioners in automatically analyzing the textual part of companies’ financial reports
to extract meaning rich in information for future outcomes. In particular, tracking
textual changes among companies’ reports can have a large and significant impact
on stock prices. This impact happens with a lag implying that investors only gradu-
ally realize the implications of the news hinted by document changes. However, the
length of these documents as well as their complexity in terms of structure and lan-
guage have been increasing dramatically making this process more and more difficult
to perform.

In this work, we analyzed how to face this complexity by learning arbitrary dimen-
sional vector representations for US corporate filings (10-Ks) from 1998 to 2018,
exploiting and comparing different neural network embedding techniques which take
into account words’ semantics through vectors proximity. We also compared their
ability to capture changes associated with future risk-adjusted abnormal returns with
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other more commonly used approaches in literature. Finally, we propose a novel in-
vestment strategy named Semantic Similarity Portfolio (SSP) that exploits these neu-
ral network embeddings. We show that firms that do not change their 10-Ks in a se-
mantically important way from the previous year tend to have large and statistically
significant future risk-adjusted abnormal returns. We, also document an amplifying
effect when we incorporate a momentum-related criterion, where the companies se-
lected must also have had positive previous year returns. Specifically, a portfolio that
buys “non-changers" based on this strategy earns up to 10% in yearly risk-adjusted
abnormal returns (alpha).

This work has two goals. First, we show that the neural network embedding tech-
niques represent an interesting approach that is able to address the increasing com-
plexities of annual reports’ textual analysis. In light of this, we construct a portfo-
lio, named Semantic Similarity Portfolio (SSP), that exploits the Distributed Mem-
ory Model of Paragraph Vectors (PV-DM) mode of Doc2Vec which we found to be
the best performing technique for this task. The neural network embedding approa-
jhch produced a superior result compared to the popular alternative Bag-of-Words
(BoW) model [63] in capturing changes in consecutive 10-Ks found significant to
future abnormal portfolio returns. The second goal is to show that incorporating a
momentum-related criterion, based on a "non-struggling" companies attribute com-
puted on prior companies’ returns, can have a significant amplifying effect on excess
risk-adjusted returns. It can be argued that this criterion can signal the nature of these
changes since a struggling company would keep it’s 10-K semantically unchanged
if it’s management believed that the challenges they are currently facing will persist
in the upcoming year as well. In other words, in this portfolio setting, we also avoid
companies with persistent risks and difficulties that are documented in the 10-K-s but
are not being removed by the CEO/CFO leaving the 10-Ks semantically unchanged.

For more details, this work has been published with Professor Panos Pardalos and
George Adosoglou on Expert Systems with applications Jorunal [64]. Moreover, it
represents the result of my research visiting period to the University of Florida.
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5.1 Context

Published in 1998 by the Securities and Exchange Commission (SEC), the Plain En-
glish Handbook was the first publication providing guidelines to help public compa-
nies create clear SEC disclosure documents. This publication and the Sarbanes–Oxley
Act of 2002, which was constructed to supervise the financial reporting, have made
corporate filings an increasingly reliable source of information.

Cohen et al [41] showed this by computing quintiles from the distribution of the
similarity scores from all companies and then constructing long-short equally and
capitalization weighted portfolios. Specifically, they found that going long the “non-
changers” and short the “changers” yields statistically significant 5-factor alphas
proving that breaks from previous standardized reporting can have significant im-
plications for firms’ future stock returns.

It is normal, however, for managers to be incentivized to minimize (maximize) the ef-
fect on their companies’ stock prices from negative news (positive) news about their
firms respectively.([65]). Previous works [66] showed that the managers provide boil-
erplate information and avoid giving accurate signals of the company’s status by ex-
tending the document length. However, the SEC prohibits any misleading statement
or omission under Rule 10b-5 and demands a company’s CEO and CFO to certify the
accuracy of the 10-K. This means that even though valuable information about the
company and the industry does exist in the 10-Ks, the management has incentives to
hide it.

The novelty in our approach is to represent each company, its activities and current
affairs as a vector by applying neural network embedding techniques to the financial
annual reports of these companies. In this way, we are able to capture changes as-
sociated with future risk-adjusted abnormal returns by taking into account semantics
and temporal dynamics. We also demonstrate that incorporating a momentum-related
component into our portfolio selection method provides significant synergies further
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adding to the originality of our work.

Machine learning applications on text have almost four decades of history. How-
ever, only in the last decades a set of machine learning techniques known as neural
networks (NNs) have continued to advance and start to prove highly effective for a
great number of natural language processing (NLP) tasks.

Financial news, in particular, have been extensively exploited to make predictions
regarding the markets. While, more recently, social media and corporate disclosures
have also been utilized in various applications.

[67], for example, produced a multi-layer algorithm testing three machine learning
models, namely: SVM, k-nearest neighbors (k-NN) and Naïve Bayes, that exploit
semantics and sentiment of news-headlines for a FOREX market prediction task.
[68] proposed a novel fine-grained approach that captures explicit and implicit topic-
dependent sentiment in company-specific news text. [69] trained a Naive Bayes clas-
sifier with daily news articles to predict the direction of the BIST100 Index for the
day following.

Classification techniques such as Naïve Bayes and SVM have also been exploited
by [70] on news text to predict the volatility of financial assets. Market volatility
related to news and exploited with neural networks (NNs) has also been studied ex-
tensively by [71] [72], on the other hand, proposed an ontology based framework to
mine dependence relationships between financial instruments and news. Finally, [73]
presents a semantic search engine for financial news using Semantic Web technolo-
gies customized on the Spanish stock market.

Neural networks (NNs) have, also, been applied to financial news by [74], and for
sentiment analysis tasks and predictors of volatility by [75]. A version of Kohonen’s
self-organizing map, called spiral spherical neural network, has been applied by [76]
to investigate the European Union banking sector and proving interesting insights
about their reciprocal action and integration.
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Word Embeddings have been used by [77] in leveraging financial news to predict
stock prices. Neural networks have also been used to improve the performance of
sentiment analysis for StockTwits by [78]. Finally, [79] apply Doc2Vec ([80]) to de-
tect bank distress by mining news and financial data. News analytics for buy and sell
decisions have also been studied extensively in [81] where models such as k-nearest
neighbour, feed-forward NNs, SVM and Naive Bayesian classifiers are compared in
classification tasks and sentiment anaysis. Various other computational approaches
for asset trading have also been compared with sentiment analysis and news text an-
alytics by [82].

Furthermore, motivated by the works of [83], who showed in their paper using the
Bag-of-Words (BoW) model that firms that undergo significant economic changes
modify the Management Discussion and Analysis (MD&A) section of the 10-K re-
ports in a much greater way than the ones that do not. [84] uses Naıve Bayesian
machine learning algorithm to associate MD&A tone with future firm performance.
[85] apply the Latent Dirichlet allocation (LDA) model to a large panel of CEO diary
data to estimate behavioral types and predict firm performance.

More recently, neural networks (NNs) have been also used in analyzing corporate
filings. [86] use deep learning on the item 1A (Risk Factors) of various banks’ 10-
Ks for the classification task of predicting bank failures. Deep learning models have
also been used on disclosures to predict corporate bankruptcies ([87]). Furthermore,
[88] uses the Word2Vec model to learn the continuous-vector word representations
in order to discover new finance keywords and update a financial dictionary.

5.2 Methodology

We tested two different approaches: Word embedding with Word2Vec algorithm by
averaging these vectors to embed the entire document, and Doc2Vec algorithm that
is able to directly learn document embeddings following different approaches than
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averaging word vectors. Both methodologies are based on shallow neural networks
with linear activation function and unsupervised learning approach that can preserve
words’ order and semantics. Then, the similarity between documents can be mea-
sured using the cosine similarity measure. Namely, compared to "Lazy Prices" that
focuses more on exploiting the unattended disclosed information like adding or delet-
ing sentences in the document, our model focuses more on the changes in the topic
covered and writing style in the 10-Ks by representing arbitrarily the entire docu-
ments with vectors in a fixed-dimensional semantic space.

The proposed methodology can be resumed in five main steps:

• Data collection: We collected all the available SEC 10-K filings for the years
from 1998 to 2018. For the firms where the 10-Ks were available we also col-
lected all the monthly returns and market capitalizations.

• Data selection: In order to avoid bias in our dataset and to avoid extreme re-
turns as outliers, we filtered our collection on the basis of market value and
annual return

• Text pre-processing: Every SEC filing has been processed in order to clean it
from tables, urls, HTML tags. Finally, we applied english stopwords removal
and Stemming to get the root form for each word and reduce the globally size
of the dictionary.

• Models training: Both Word2Vec and Doc2Vec have been evaluated sepa-
rately to get SEC filings embeddings

• Portfolio construction and evaluation: We build different weighted and equally
weighted portfolios using cosine similarity among the documents to compare
the different models. We also evaluated the impact of combining cosine simi-
larity with Momentum strategies

5.2.1 Data Collection

We collected all 10-K and 10-K related SEC filings from the Loughran-McDonald
dataset for years from 1999 to 2018 ([89]). We selected these year range as 2018
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marks the end of the second decade after the SEC published the Plain English Hand-
book in 1998. For these firms we collected also monthly stock data from the Center
for Research in Security Prices (CRSP) using the WRDS linking tables since the
SEC identifies companies only through the CIK codes. With this data we compute
monthly returns and market capitalizations for all the firms. We then computed an-
nual returns (including dividends) for the fiscal year starting on April 1st which is
when the majority of US 10-Ks have already been filed.

5.2.2 Data Selection

For each year we selected data on the basis of two policies: (1) We kept companies
where the market capitalization is above than 300 million dollars. This is necessary
since otherwise our results would be largely dominated by micro-caps, given that
these companies encompass more than half of the publicly traded stocks while also
tend to have more extreme returns (see discussion in [90]); (2) companies whose an-
nual return value crosses the 1000% annual return threshold have been excluded from
the analysis in order to avoid outliers created by small scalars. After the screening,
we are left with 45,516 firm-year observations. Our resulting dataset is very similar to
the CRSP stock universe both in value-weighted and equally-weighted returns which
verifies that no bias of any kind has been introduced. This will be further discussed
in the results section (see figure 5.1).

5.2.3 Models training

We use the corpus of all the firms’ 10-Ks to train both the PV-DM and PV-DBOW
Doc2Vec model with various vector dimensions and epochs. In all experiments, we
use concatenation as the method to combine the vectors. The vector size, number of
epochs and other hyper-parameters were selected based on the suggestions of [91].
We end up selecting the PV-DM Doc2Vec model trained with 256 dimensions and 10
epochs as the best model. For these hyperparameters we also train a Word2Vec model
and develop word embeddings for all the words in all 10-Ks. We take the average of
these words in each filing and use it as the representation of the document.
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5.2.4 Portfolio construction

In an attempt to measure the semantic differences between two consecutive financial
reports of a company we experimented with various metrics. After we represented all
companies’ 10-Ks with vectors, we tried to measure consecutive changes by consid-
ering the cosine similarity, the euclidean distance, the Radius of Gyration and finally
the Jaccard similarity. In the light of results, we chose at the end to only use the cosine
similarity as it proved to be the most effective one in capturing semantic changes with
neural network embeddings. Our hypothesis is that because of the embedding vec-
tors’ nature, their orientation is much more stable and reliable than their magnitude
which suffers from the random initialization of the weights of the neural networks.

We then compute for each of the companies the cosine similarity measures between
their year-on-year 10-K fillings’ embeddings generated by the three neural network
embedding models discussed: PV-DM, PV-DBOW and the Word2Vec-based model.
For each of these three cases we built a long-only portfolio consisting of stocks whose
cosine similarity measure was higher than 0.95. In all cases, stocks are held for a year
and the re-balancing occurs annually as well.

After computing the corresponding calendar time portfolios, we find that the PV-DM
version of the Doc2Vec model is the best model out of the neural network embedding
models we tested in capturing semantic changes in 10-Ks associated with future risk-
adjusted abnormal returns. We term this strategy "Semantic Similarity" and report its
performance against a respective strategy that uses instead the bag-of-words model
to represent these documents.

Furthermore, driven by an effort to reduce selecting companies whose 10-Ks re-
main semantically unchanged but the companies themselves are facing persisting
challenges, we incorporate a momentum-related criterion where the companies se-
lected must also have had positive previous year returns (Ret(−12,0) > 0). This
criterion attempts to exclude struggling companies whose CEO/CFO have reported
the persisting challenges in the previous year’s 10-K and have not removed them in
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the current 10-K leaving these reports semantically unchanged. It could be argued
that this momentum amplified strategy, termed as "Non-struggling" attempts to se-
lect well performing stable companies that face no great risks. We, finally, report its
performance against the same strategy using the bag-of-words model, while we also
compute returns for the raw-momentum strategy (buying stocks with positive pre-
vious year stock returns and holding them for one year) and find that there are no
statistically significant abnormal returns associated with it.

5.2.5 Financial models for the evaluation

For the performance evaluation we use multi-factor alphas since the large returns
found in this study might have resulted from large exposures to systematic risk fac-
tors. We investigate this hypothesis by adding to the Capital Asset Pricing Model
(CAPM) the two most influential systematic risk factors: the size based factor small-
minus-big (SMB) and the high-minus-low book-to-market factor (HML).( [92]). Fur-
thermore, for a 5-factor analysis we also include the up-minus-down momentum fac-
tor (UMD), as well as the Pástor and Stambaugh’s traded liquidity factor (PS_VWF)
.

The CAPM, Fama-French and 5-Factor alphas along with the corresponding betas
are empirically estimated via a linear regression as:

Capital Asset Pricing Model (CAPM):

Rt − r f
t = α +βMKT

(
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t − r f
t

)
+ εt (5.1)

3-Factor Fama and French Model:

Rt − r f
t = α +βMKT

(
RM

t − r f
t

)
+

βHMLHMLt +βSMBSMBt + εt

(5.2)

5-Factor Model:

Rt − r f
t = α +βMKT

(
RM

t − r f
t

)
+βHMLHMLt+

βSMBSMBt +βUMDUMDt +βPS_VWFPS_VWFt + εt

(5.3)
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where Rt − r f
t is the excess return from each strategy, RM

t − r f
t is the market risk

premium, r f
t is the risk free rate based on the one-month Treasury bill rate, HMLt is

the difference betweenthe high book-to-market value companies’ returns minus low
book-to-market value companies’ returns, SMBt is the difference between the small
capitalization and large capitalization portfolios’ returns and UMDt is the momen-
tum factor , i.e. the returns or the winners minus losers portfolio based on the past 11
months and PS_VWFt the Pástor-Stambaugh liquidity traded factor constructed from
the returns of the top decile liquidity beta portfolio minus the returns of the bottom-
decile liquidity beta portfolio.

The parameter α is the measure of the abnormal risk-adjusted return that captures
the excess return above what is expected based just on the risk of the portfolio. The
five risk factors’ time series as well as the risk-free rates are gathered from Whartons
Research Data Services (WRDS), Fama-French Portfolios and Factors dataset.

5.3 Experimental results

In this section we first report the performance of various neural network embed-
ding techniques in capturing future abnormal returns associated with 10-Ks consec-
utive changes. We, then report, the performance of the "Semantic Similarity" and the
"Non-changers" portfolios, termed SSP and NSP respectively and compare it to the
corresponding portfolios built using the BoW model instead. We term this portfolios
the "BoW" portfolio and the "BoW-Mom" portfolio. We also compare our perfor-
mance results with the results derived from the "Lazy Prices" analysis which uses the
BoW model to capture changes in consecutive 10-Ks.

In all portfolios we hold stocks for 12 months (from April 1st to March 30th) and
re-balance every 12 months on April 1st. Note that for the value-weighted portfolio
returns each stock in the portfolio is weighted by its lagged market capitalization.
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We, also, display the "Lazy Prices" respective results for a direct comparison.

Finally, in Figure 5.1 we display the cumulative returns of the "Semantic-similarity"
and "Non-struggling" strategies over the two decades. We display two figures, one
with equal weighted and one with value weighted cumulative returns. The returns
are compared with the buy-and-hold cumulative return of the S&P 500, the available
stock universe, the CRSP stock universe and for a more direct comparison, with the
corresponding BoW-based with and without momentum strategy returns. Note that
all of the reported returns include dividends.

5.3.1 Neural Network Embeddings Performance Evaluation

Table 5.1 presents the performance of the PV-DM and PV-DBOW versions of Doc2Vec
as well as the document embedding with Word2Vec model in terms of capturing
changes associated with these future risk-adjusted abnormal returns. The table in-
cludes the equal-weighted and value-weighted annual portfolio abnormal returns as
well as the statistical significance. These are computed by regressing in each case the
twenty years of compounded returns on the market, the SMB and HML factors as
well as the UMD and PS_VWF factors. The average number of companies selected
each year is 60 for the PV-DM model, 240 for the PV-DBOW model and 850 for
Word2Vec.

We see that the best performance lies with the PV-DM model. Specifically, the long-
only portfolio using PV-DM model earns a large and significant abnormal return of
11% per year (t= 2.75). This proves the superiority of the PV-DM model. Further-
more, our results with the PV-DM model are mostly unaffected from controlling for
the three Fama-French factors (market, size, and value). This suggests that the returns
we see between the portfolio is not driven by systematic loadings on the most com-
monly used risk factors. Furthermore, controlling for two additional factors: momen-
tum and liquidity, the equally-weighted portfolio earns significant abnormal return of
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7.45% per year but the value-weighted portfolio return is statistically insignificant.

Table 5.1: Portfolio Returns Exploiting Neural Network Embeddings: This Ta-
ble reports the annual portfolio excess return, 3-Factor alphas, and 5-factor alphas
(market, size, value, momentum, and liquidity) for the three long-only portfolios con-
structed based on the three similarity measures: Doc2Vec’s two versions (PV-DM and
PV-DBOW), Word2Vec average. All portfolios select companies whose cosine sim-
ilarity of the vector representations is higher than 0.95. Returns are annualized and
multiplied by 100. The left part of the table presents value-weighted portfolio returns
and the right part presents equal-weighted portfolio returns. The t-statistics are shown
below the estimates, while the statistical significance is indicated by ***, **, and *
for the 1%, 5%, and 10% levels, respectively.

Value-Weighted Equally-weighted

Portfolio
CAPM
Alpha

3-Factor
Alpha

5-Factor
Alpha

CAPM
Alpha

3-Factor
Alpha

5-Factor
Alpha

PV-DM 11.04∗∗ 7.93∗∗ 5.87 10.94∗∗ 6.60∗∗ 7.45∗∗

t-stat (2.75) (2.27) (1.59) (2.56) (2.50) (2.69)
Word2Vec 3.17 1.35 −0.98 1.26 1.25 −0.66
t-stat (1.54) (0.87) (−0.84) (0.79) (0.89) (−0.52)
PV-DBOW 1.34 1.27∗ 1.13 5.48∗ 2.83∗∗ 3.8∗∗∗

t-stat (1.20) (1.71) (1.27) (1.90) (2.18) (3.22)

5.3.2 Main Results

In an effort to improve our five-factor alphas and for further reasons discussed in
section 5.2.4, we added a simple momentum-related criterion to the portfolio selec-
tion. We termed this strategy as "non-struggling" and the portfolio associated with
it as "non-struggling" portfolio or NSP. In this framework we select companies with
very similar consecutive 10-Ks (cosine similarity of the PV-DM paragraph vectors is
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higher than 0.95) but also with positive previous year returns (starting from April 1st
and ending March 30th) It is important to keep in mind that the momentum strategy
by itself does not yield any excess returns, meaning there is no momentum premium
(see figure 5.1). In fact, over the two decades under study the cumulative returns
with the momentum strategy were slightly less than the available universe of stocks
returns implying that the criterion has actually a small value effect, also referred to
as the mean reversion effect. This means that our portfolio results are not driven by
momentum effects which can also be further validated by the fact that the portfolio
does not have a statistically significant momentum beta (see Table 5.3).

As seen in Table 5.2 all excess returns, 3-factor alphas and 5-factor alphas of the
NSP are higher and statistically more significant compared to the "Semantic Similar-
ity" strategy. Specifically, the value-weighted portfolio reaches a statistically signifi-
cant 9.75% per year in 3-factor alpha (t= 3.24) and 8.45% per year in 5-factor alpha
(t = 2.61). These are extraordinary alphas. In fact, for a comparison, a regression on
the highly used, both in academia and the industry, UMD portfolio’s returns for the
same dates produces a smaller and less statistically significant 3-Factor annual alpha
of 6.29 (t=1.84).

In the same table (Table 5.2) we also compare our performance with the correspond-
ing BoW-based with and without momentum strategy performances. In these cases,
the only difference is that the companies are selected if the cosine similarity of the
BoW vector representations of the previous year’s 10-K with the current year’s is
higher than 0.95. The BoW-based portfolio with and without the same momentum-
related criterion show, however, no significant abnormal returns in either case. This
further validates the superiority of the PV-DM model in capturing semantic changes
in the 10-Ks as well as a synergistic value created by incorporating the previous year’s
returns

The equal-weighted and value-weighted annual portfolio abnormal returns as well
as the statistical significance in Table 5.2 are computed by regressing in each case
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the twenty years of compounded returns, while the average number of companies
selected each year is 40 for the NSP, 190 for the Bow-based without momentum
portfolio and 125 for the BoW-based with momentum portfolio

For the portfolio with the best performance, the NSP portfolio, we also report in
Table 5.3 all the factor loadings derived from the time-series regressions using the
capital asset pricing model (CAPM), 3-factor and 5-factor models. These loadings
are measures of the exposure to the market, size, value, momentum and liquidity
risks. We observe statistically significant very small betas which suggest much lower
risk as well as statistically significant exposure to the HML factor which shows that
our strategy has a value tilt. These observations show that our strategy avoids high
beta, high growth stocks while it also selects the least struggling value stocks. This
could mean that these companies have moats, i.e. sustainable competitive advantages
protecting them from external threats such as rivals or industry disruption. It is ex-
traordinary to see information derived from text to relate to the Fama and French
value premium. The rest of the factor loadings, SMB, UMD and PS_VWF are statis-
tically not significant.

5.3.3 Returns evaluation

Finally, Figure 5.1 plots the value and equally weighted cumulative returns for the
various portfolios that were constructed. Specifically, it plots the cumulative returns
for the "Semantic Similarity" and "Non-struggling" strategies as well as the BoW-
based with and without momentum-related criterion portfolios, the whole universe
of stocks under consideration portfolio as well as the raw-momentum (Momentum)
portfolio and the CRSP market index. For each of these portfolios we plot one chart
with the value weighted and one with the equally weighted cumulative returns. In
both charts we also add the cumulative returns of the S&P500 and the risk free cu-
mulative returns for comparison. The first thing to notice is that the available universe
of stocks is a representative data set with no survivor-biases or other biases of any sort
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Table 5.2: "Semantic Similarity" and "Non-struggling" annual portfolio re-
turns: This Table reports the annual portfolio excess return, 3-Factor alphas, and
5-factor alphas (market, size, value, momentum, and liquidity) of the long-only port-
folio, termed "Non-struggling" portfolio (NSP) which selects companies whose pre-
vious year’s returns were positive and whose cosine similarity of the Doc2Vec (PV-
DM version) vector representations is higher than 0.95. SSP refers to the "Semantic-
similarity" portfolio. The performance is compared to portfolios constructed using the
BoW model instead. Returns are annualized and multiplied by 100. The t-statistics
are shown below the estimates, and the statistical significance at the 1%, 5%, and
10% levels is indicated by ***, **, and *, respectively.

Value-Weighted Equally-weighted

Portfolio
CAPM
Alpha

3-Factor
Alpha

5-Factor
Alpha

CAPM
Alpha

3-Factor
Alpha

5-Factor
Alpha

SSP 11.04∗∗ 7.93∗∗ 5.87 10.94∗∗ 6.60∗∗ 7.45∗∗

t-stat (2.75) (2.27) (1.59) (2.56) (2.50) (2.69)
BoW 3.88 3.84 5.1 5.09 3.14 3.57
t-stat (1.20) (1.25) (1.54) (1.60) (1.29) (1.30)
NSP 11.11∗∗∗ 9.75∗∗∗ 8.45∗∗ 9.88∗∗ 7.40∗∗ 6.28∗∗

t-stat (3.30) (3.24) (2.61) (2.57) (2.45) (2.15)
BoW-Mom 3.92 4.33 1.26 2.16 1.74 −1.35
t-stat (1.51) (1.56) (0.44) (0.70) (0.52) (0.71)

as the returns do not deviate from the CRSP market index. Second, the momentum
strategy by itself (buying stocks with positive prior year returns and holding them for
the next year) by itself does not present any excess returns whatsoever. This shows
that "Non-struggling" results are not driven by the momentum effect rather by the
changes in year-on-year 10-K-s and the synergistic value that is created.

The final and main thing to notice in Figure 5.1 is the historical performance of both
the "Semantic-similarity" and the "Non-struggling" portfolios, SSP and NSP relative
to the S&P 500 benchmark, the available universe of stocks and the raw-momentum
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Table 5.3: Regression of 3 Factor and 5 Factor model with the "Non-struggling"
portfolio: This table reports the factor exposure of the long-only "Non-struggling"
portfolio. This portfolio selects companies whose previous year’s returns were pos-
itive and whose cosine similarity of the Doc2Vec (PV-DM version) vector repre-
sentations is higher than 0.95. Returns are annualized and multiplied by 100. The
t-statistics are shown underneath the estimates, while the statistical significance is
indicated by ***, **, and * for the 1%, 5%, and 10% levels, respectively.

Value-Weighted Equally-Weighted
Factors 3-Factor 5-Factor 3-Factor 5-Factor
Intercept ( α ) 9.75∗∗∗ 8.45∗∗ 7.40∗∗ 6.28∗∗

t-stat (3.24) (2.61) (2.45) (2.15)
MKTRF 0.48∗∗∗ 0.45∗∗ 0.61∗∗∗ 0.59∗∗∗

t-stat (3.30) (2.66) (4.23) (3.34)
SMB 0.04 −0.19 0.31 0.10
t-stat (0.14) (−0.62) (1.08) (0.30)
HML 0.45∗∗∗ 0.34∗∗ 0.61∗∗∗ 0.49∗∗

t-stat (2.96) (1.74) (3.94) (2.48)
UMD − −0.12 − −0.12
t-stat (−0.50) (−0.54)
PS_VWF − 0.49∗ − 0.46
t-stat (1.84) (1.69)

portfolio. Over a 20-year backtest, these two strategies exhibit significant outperfor-
mance to these benchmarks. During this period, $10,000 invested with the SSP at the
end of 1999 would have yielded over $200,000 in 2018 compared to only $41,000
for the whole available universe of stocks ($64,820 for the equally-weighted) and
$29,233 for the S&P 500. Additionally, $10,000 would have yielded over $140,000
for the NSP, compared to only $35,000 for the value-weighted raw-momentum strat-
egy and $48,900 for the equally-weighted. These results further validate our models’
measures performance in capturing changes in 10-K-s associated with future abnor-
mal returns. Another thing to notice is that even though the SSP cumulative returns
are larger than the NSP, the 3-factor and 5-factor alphas are higher for the NSP. This
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is because NSP carries less risk with more consistent abnornmal returns.
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5.4 Final remarks

Measuring modifications and semantic changes from the previous year 10-Ks is chal-
lenging because the disclosures are qualitative. Even though our measures are not
perfect, they are a step forward in understanding and quantifying these hard to iden-
tify changes. However, this work highlight the importance and the real possibilities
of knowledge extraction from neural embedding spaces.

We can assert, in light of our results, that neural network embedding techniques
outperform in capturing semantic changes associated with future abnormal returns
in year-on-year 10-Ks the more widely used state-of-the-art bag-of-words (BoW).
This result is evident generating the embedding with Doc2Vec and also averaging
Word2Vec embeddings. This was expected since treating words and phrases as dis-
crete symbols fails to take into account the word order and the semantics of the
words, while it also suffers from frequent nearorthogonality due to its high dimen-
sional sparse representation.

Previous year returns proved to be a strong contributor to abnormal future returns
associated with these changes in year-on-year 10-Ks. Specifically, a portfolio that
selects companies whose cosine similarity of the year-on-year PV-DM Doc2Vec rep-
resentations is higher than 0.95 and the previous year stock return is positive earns
statistically significant three-factor and five-factor alphas up to 10% per year.

The main limitations of our approach are related to the computational time required
to train these kind of models and to the occasional changes in the companies’ execu-
tives that should be taken into account to better understand the nature of the changes
in the financial reports. Both issues are objects for further analysis that we plan to
present in our future works. Our measures are applicable to lots of other cases in
which the disclosure is narrative, but the content is unrestricted, the timing is routine,
such as CEO letters to shareholders, proxy statements, earnings press releases, and
the prepared part of earnings conference calls.
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Figure 5.1: Value (UP) and equally (DOWN) weighted cumulative returns from 1999-
2018 withs the "Semantic-similarity" (SSP) and the "Non-struggling" (NSP) portfo-
lios. We compare the returns with the buy-and-hold cumulative return of S&P 500,
the BoW-based with and without momentum respective portfolios, our universe of
available stocks portfolio (Universe of Stocks) as well as the raw momentum (Mo-
mentum) portfolio and the CRSP market index. The momentum strategy in the port-
folios selects stocks with positive past year return
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Chapter 6

Enhance scalability of Node
embedding on large networks

6.1 Proposed solution: The ActorNode2Vec algorithm

Although Node2Vec is presented as a scalable algorithm, the original formulation and
implementation involve using a multi-threading solution only for the second phase of
the random walk generation (workers parameter) to reduce the computational times.
However, experimenting Node2Vec with large networks, it is immediately clear that
the first phase of the probabilities computation is the most critical architecture point.
This issue is due to the construction of the required probability distribution presented
in equation 2.3. The use of a second-order Markov chain considering the second-
order neighborhood of each node inevitably leads to a heavy dependency on the num-
ber of nodes and particularly on the network density. Increasing the dimension of the
network (number of nodes and edges) leads to two main critical issues:

• Memory requirements become computationally unfeasible: Memory avail-
ability often represents a critical point in large networks mining. Requirements
become infeasible on a single calculus node when the probability distribution
construction requires to store a vector of probabilities on each edge depending
on the second-order Markov chain.
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• The explosion of algorithm’s time complexity: Required time to construct
the probability distribution increases depending on the dimension of the graph
and on random walks parameters (e.g., number of walks and walk length)

In light of this, this phase of the algorithm represents the first considerable bottleneck
of the algorithm. We propose to overcome this issue using an actor-based architecture
that enables a reformulation of this step named ActorNode2Vec. The key idea is to
distribute the computation of the probabilities distribution in equation 2.3 using sev-
eral specialized actors that take the burden of this computation, each one for a subset
of actors without the need of a preliminary ordering of nodes in the graph.

ActorNode2Vec implements two different strategies to distribute the computational
bottleneck of the original algorithm depending on the need of the context. The first
one aims to distribute with specialized actors only the probabilities computation part
(Distributed PC), while the second one uses the same architecture to distribute prob-
abilities computation but also random walks generation (Distributed PC and RWC)
. How these two modes are efficiently implemented by actors is discussed further in
the next sections but it is important to highlight that depending on the input param-
eters (e.g the walks length) the simple distribution of the probabilities bottleneck is
not enough for large networks and it requires to work also on the random walk gen-
eration. For further details, see two publications related to this work [93] and [94].

We demonstrate the efficacy of this approach with a large network by analyzing the
sensitivity of walk length and number of walk parameters and comparing with Deep
walk and an Apache Spark distributed implementation of Node2Vec. Results show
that with ActorNode2vec computational times are drastically reduced without losing
embedding quality and overcoming memory issues.

6.2 ActoDeS

In order to implement a distributed solution for node embedding, we choose to use
ActoDeS (Actor Development System) that is a Java software framework for the
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development of concurrent and distributed applications that has been experimented
in different application domains (see, for example, [95], [96], [97], [98] [99]). This
software framework allows the definition of distributed applications exploiting con-
current objects (actors) [100]. These actors are implemented on the top of some pre-
existed Java software libraries and solutions for supporting concurrency and distri-
bution. These actors interact by exchanging asynchronous messages and, after their
creation, can change several times their behaviors until they kill themselves. Each
behavior has the main duty of processing the incoming messages that match some
message patterns. Therefore, if an unexpected message arrives, then the actor main-
tains it in its mailbox until a behavior will be able to process it, or a behavior kills the
actor. The processing of the incoming messages is performed through some message
handlers. In response to a message, an actor uses the associated handler for: sending
other messages, creating new actors, changing its local state or its behavior, setting a
timeout within receiving a new message and finally killing itself. In particular, when
a timeout fires, the actor sends automatically a timeout message to itself and the cor-
responding message handler is executed.

Depending on the complexity of the application and on the availability of computing
and communication resources, an application can be distributed on one or more actor
spaces. Each actor space corresponds to a Java virtual machine and so a system dis-
tributed on some actor spaces can be deployed on one or more computational nodes.
An actor space acts as “container” for a set of actors and provides them the necessary
services for their execution. An actor space performs its tasks through three main run-
time components, (i.e., controller, dispatcher and registry) and through two run-time
actors (i.e., the executor and the service provider).

The controller manages the execution of an actor space. It configures and starts the
run-time components and the actors of the application, and manages its activities until
the end of its execution by using different communication technologies (the current
release of the software supports ActiveMQ, MINA RabbitMQ, RMI, and ZeroMQ).
The registry is a run-time component that supports actor creation and message pass-
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ing. In fact, it creates the references of new actors and supports the delivery of those
messages that come from remote actors, by mapping each remote reference onto the
local reference of the final destination of the message. The executor actor manages
the execution of the actors of an actor space and in some cases creates its initial set of
actors. Finally, the service provider actor provides an extensible set of services to the
other actors of the application that allows them to perform new kinds of actions (e.g.,
to broadcast or multi-cast a message and to move from an actor space to another one).

The development of a standalone or distributed application consists in the defini-
tion of the behaviors assumed by its actors and in the definition of few configuration
parameters that allow the selection of the more appropriate implementation of the
actors and of the other run-time components of the application. This solution allows
the optimization of some or others execution attributes of an application (e.g., perfor-
mance, reliability and scalability). Moreover, the deployment of an application on a
distributed architecture is simplified because an actor can move to another computa-
tional node and can transparently communicate with remote actors.

Figure 6.1: The actor space structure in ActoDeS.

6.3 Algorithm and distributed architecture

To implement an actor-based solution, we have defined different actor behaviors and
elements that compose the software architecture:
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• Remote Launcher: It represents the algorithm initialization point, it has the
duty of deciding how many and which computational nodes have to be involved
in the execution of the algorithm.

• ActoDeS Broker: It is a software component implemented in ActoDeS that
has the duty of initializing communications among the actor spaces.

• Node2Vec Initiator: This behavior has the duty of initializing the algorithm. It
requires some starting messages from the remote launcher to set the Node2Vec
parameters and the input. network to embed. The actor space that contains the
unique actor with this behavior is defined as the primary actor space.

• Actorspace Initiator (AI) : It has the duty of initializing the necessary actors
for the algorithm in the actor space that do not contain any Node2Vec Initiator
(secondary actor spaces). In detail it has the burden of creating the actors that
are responsible for the probabilities computation.

• Coordinator: This behavior represents the core behavior of the algorithm.
Once the initialization operations are terminated, it has to manage all of the
architecture actors and manage the entire graph embedding process.

• Probabilities Manager (PM) This behavior represents the reformulation of
Probabilities computation and random walks generation in the original Node2Vec
algorithm. Each actor that assumes this behavior has the duty of computing
probabilities only for a subset of nodes considering their second-order neigh-
borhood (Distributed PC) and to build part of random walks that involve its
nodes (Distributed PC and RWC).

6.3.1 Starting and initialization steps

The algorithm’s execution is performed by the Remote Launcher (RL) introduced in
the previous section. The RL represents a server application with the duty to read
the input network from memory, choose the embedding parameters, and initialize
different ActoDeS actor spaces in the distributed network. It initializes the primary
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actor space, requiring the creation of the Node2Vec initiator and sending to this ac-
tor the graph and the parameters. At the same time, the RL initializes an ActoDeS
broker on a secondary actor space to establish communication among the different
actor spaces that build the architecture (Figure 6.2). After this step, the RL main du-
ties are concluded, and it can wait for a notification of the algorithm’s termination.
Simultaneously, the Node2Vec Initiator actor requests the creation of an Actorspace
Initiator on each secondary actor space and sends to each one the entire graph to
be embedded and the Node2Vec parameters. The previous ActoDeS broker becomes
another Actorspace initiator for its actor space. These different Initiators generate
several Probabilities Manager actors (PM) to prepare the architecture for the next
steps. The number of created actors is a parameter, but the default value is equal to
the number of available logical CPUs on the network node. Each PM actor receives
the entire graph and the other parameters. This design choice is motivated by the next
steps of the algorithm and does not have to order the nodes of the graph, which would
make computational complexity exponential. This choice is also due to taking advan-
tage of the actors’ shared memory on a single node because the graphs’ operation is
read-only. (See Figure 6.3).

Figure 6.2: Starting step and creation of the actor spaces
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Figure 6.3: Initialization step of ActorNode2Vec

6.3.2 Distributed probabilities computation

This step represents the key difference between the original version of the algorithm
and our proposal. In light of the limits presented previously, we propose a reformu-
lation of this step where the required probability distribution is computed not on a
single thread and neither with a multi-thread solution but by dividing and distributing
the entire computation. The simple multi-thread solution on a single computational
node has been excluded because it does not permit to overcome the memory issue
presented in section A in the case of a large network. The two models implemented
in the algorithm, PC and PC-RWC start to differ exactly from this point. In both
cases, we defined a specialized typology of actor’s behavior (Probabilities Manager
or PM) with the duty of computing probabilities and walks for a subset of the graph
nodes depending on the selected mode of operation. These specialized actors are cre-
ated in the actor spaces on the request of the Coordinator actor. This last actor has to
execute the following algorithm steps: It receives all of the PM’s references from the
Actorspace Initiators and kills the latter as they are no longer necessary. Secondly,
the Coordinator sends actors references to each PM actor. This operation is necessary
to enable the PMs to understand which subset of nodes is under their responsibilities
for the probabilities computation. Figure 6.4 describes this phase of the algorithm.

Probabilities Managers have the duty of computing probabilities following the
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Figure 6.4: Distributed and actor-based probabilities computation

second-order Markov chain model presented in equations 2.3 and 2.4. Each one is
responsible for a subset of the graph nodes. PMs know each other’s references to
identify the number of actors involved in that calculus and divide the nodes set. This
choice permits to avoid node ordering, which grows exponentially with the number
of nodes. In this way, each PM has the visibility of the entire graph to consider each
node’s neighborhood and it is computationally efficient using the advantages of the
shared memory among the actors on a single working node. The nodes set is di-
vided by each PM using an ordered list of the other involved PMs references, so each
actor can detect the subset under its responsibility and who are responsible for the
other nodes. Once probabilities have been computed by each actor using the first-
order neighborhood, the weights of the edges and the second-order the Markov chain
model also prepare the probability distribution to be sampled with the alias method.
The output of each PM in fact, are two data structures, one for the probabilities and
one for the related alias as the method requires [25]. At the end each PM sends these
two structures to the Coordinator, which has the duty of collecting and joining them
in a single probability distribution. To summarize, Probabilities Managers compute
probabilities for a subset of nodes and edges but they compute also the alias proba-
bilities to improve the following sampling process.
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6.3.3 Random walks generation and embedding phase

Once the Coordinator received all of the required probabilities, it builds the proba-
bility distribution to be sampled for the random walks generation. It implements a
biased coin system to sample from the probabilities and generates the random walks
from each node with a fixed length. After that, the Coordinator collects the random
walks in a corpus and feeds the Neural Network Model based on Word2Vec described
previously. The embedding phase can represent the second bottleneck of the system
in terms of time complexity, particularly depending on which technologies are used
to implement the model. Some approaches to resolving this issue are presented in the
future developments section.

6.3.4 Distributed computation of probabilities and random walks

In this case, Probabilities Managers have a different behavior after probabilities com-
putation. Dealing with large networks can be problematic in terms of memory, al-
though the distributed probabilities computation. This can happen when in a large
network, the edge-density is very high and the average nodes degree. In this case,
the computational node where the Coordinator lives could not have enough memory
to receive walks from the probabilities Managers. In this case is it possible to use
ActorNode2Vec in the PC and RWC operating mode. The first step remains the same
as in the other mode, but once terminated with the probabilities, each PM starts to
compute random walks for its nodes, sampling its partial probabilities distribution.
When the next node to be visited is not in its responsibilities set, the PM looks for
the target PM in the environment and ask it to continue the walk with its information.
When the walk reaches the fixed-length determined by the algorithm parameters, it
is sent to the Coordinator. This last one, free of the random walks generation duty,
proceeds directly to the embedding phase once collected all of the walks.
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6.4 Experiments setup

We experimented ActorNode2Vec with a well-known large network "Enron", to demon-
strate the benefits of the actor-based solution and its efficiency in time complexity.
The scalability of the actor-based solution overcomes memory issues. We experi-
mented both operation mode of ActorNode2Vec: PC and PC-RWC. In our experi-
mentation we compared our solution with the original Node2Vec implementation in
Python and with the Scala-based implementation for Apache Spark, both of them
are public and available on the Stanford SNAP laboratory web site. In particular, the
Scala version comparison is interesting because it implements a distributed version
of the algorithm. We compared our solution also with DeepWalk and, finally, with
a Java version of Node2Vec. As previously mentioned, DeepWalk does not present
memory issues because it does not compute a probabilities distribution. However to
deal with large networks or high algorithm parameters, DeepWalk uses a streaming
policy from the main memory to build the truncated random walks. The comparison
with this algorithm is more interesting because with a less quality of the embedding,
DeepWalk can be thought of as a lightweight version of Node2Vec.

6.4.1 The Enron Email dataset

The Enron Email dataset is a large collection of over 600,000 emails generated by
the Enron Corporation’s past employees and acquired by the Federal Energy Regula-
tory Commission during its investigation after the company bankruptcy in 2001. This
collection has been processed for several scientific studies (e.g [101], [102]), analyz-
ing discussion threads and the content of the email. These works have identified the
most important component in about 37 thousands of email addresses. In particular in
[102] they modeled this component as a graph by considering each email address as
a node (36692 nodes), and the emails exchanges as undirected edges (183831 edges).
Currently it is considered one of the most important standard network in Network
Science.
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6.4.2 Hardware specification

In order to compare the other algorithms with ActorNode2Vec with the Enron net-
work we used a computer cluster with 4 linux nodes. The most performing one (Node
1) has been used to execute Node2Vec, DeepWalk, Java Node2Vec, the master in
Apache Spark and The coordinator of ActorNode2Vec, the others to execute the Re-
mote Launcher, the ActoDeS broker and the secondary actor spaces for the probabil-
ities computation. Hardware specifications are the followings:

• Node 1: Intel(R) Xeon(R) CPU E5-2620 v4 @ 2.10GHz with 8 cores per
socket, 2 threads for each core, 64 GB of RAM

• Node 2: Genuine Intel(R) CPU T1300 @ 1.66GHz, with 4 cores per socket, 1
threads for each core, 16 GB of RAM

• Node 3: Genuine Intel(R) CPU T1300 @ 1.66GHz, with 4 cores per socket, 1
threads for each core, 16 GB of RAM

• Node 4: Genuine Intel(R) CPU T1300 @ 1.66GHz, with 4 cores per socket, 1
threads for each core, 16 GB of RAM

6.5 Results

A first analysis concerned an overall comparison between Node2Vec and ActorN-
ode2Vec operating in the PC mode. The results are focused on the time complexity
because the proposed algorithm try to address the main bottlenecks of Node2Vec
on large networks without changing the neural network at the end of the pipeline.
For this reason, we did not make comparison in terms of embedding quality with a
machine learning task. In light of this, in order to achieve this result, we choose to
compute the embedding of the Enron graph with the following initial configuration
of the parameters:

• Embedding dimensions : 100

• P : 1
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Table 6.1: Run times with the initial parameters configuration

Probabilities Embedding Total

Node2Vec 244.23 s 390.87 s 635.10 s

ActorNode2Vec (PC) 58.3 s 69.62 s 127.92 s

• Q : 1

• Walk length: 10

• Numbers of walks: 10

In particular with parameters p and q equal to one, we can assume that the DFS and
BSF strategies are used uniformly in the random walks generation. This particular
choice of P and Q parameters also enables us to have a next fair comparison with
the Deep Walk algorithm, where the two searching strategies are balanced. However,
p and q do not affect the algorithm’s performance. Results of this first comparison
are in Table 6.1. In this first experiment, ActorNode2vec required about 80 % less
time to embed the Enron network. In this first case, the improvements seem to be
related both to less time in probabilities computation and in the embedding phase. We
have further analyzed this case by increasing the number of embedding dimension to
300. The embedding phase takes several minutes in both versions of the algorithm
because it represents the number of neurons in the hidden layer of the adopted Multi-
layer perceptron. It is also to report that the statistical model’s training and inference
could be more efficient in Python with the Gensim implementation of the neural
network than in Java. The results of this case are in Table 6.2. In fact, in this case,
ActorNode2Vec took about 28 % less than Node2Vec. However, the improvements
are related only to a minus required time of the actor-based probabilities computation.

6.5.1 Sensitivity analysis of the parameters

In order to evaluate how the actor-based solution of ActorNode2Vec improves the
time complexity in its two operating modes, we compared our solution also with
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Table 6.2: Run times with embedding dimensions @300

Probabilities Embedding Total

Node2Vec 481.22 s 745.16 s 1226.38 s

ActorNode2Vec (PC) 60.28 s 823.75 s 884.03 s

a distributed Scala implementation of Node2Vec available for Apache Spark, with
DeepWalk and with a Java version of Node2Vec. These three additional implemen-
tations are further analyzed in a fair way with a sensitivity analysis of parameters.
In light of the results presented in the previous section, we experimented ActorN-
ode2Vec with the same initial configuration set of the parameters, but further ana-
lyzing the results by changing the number of walks and the walks length in a range
between 1 and 30. These two analyses are necessary to understand how the actor-
based solution of ActorNode2Vec improves the algorithm’s time complexity. Walk
length and the number of walks are the main parameters that affect the probabilities
computation phase in terms of required time. Results concerning the walk length sen-
sitivity are presented in Figure 6.5, while the others concerning the numbers of walks
in Figure 6.6.

6.5.2 Comparison between PC mode and PC-RWC mode

The sensitivity analysis highlights a first result in the comparison between the dif-
ferent modes of ActorNode2Vec. As previously anticipated, the PC mode results to
be the more efficient when probabilities computation can be the bottleneck in terms
of memory. The computational node where the Coordinator is executed can man-
age the probability distribution. However, in case of a more dense and large network
when the random walks generation has to be distributed, the PC-RWC mode requires
only 3.9% 10.12% more of time than PC by varying the number of walks and Walks
length, respectively.
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6.5.3 Comparison with Node2Vec

The main important result concerns the comparison between ActorNode2Vec with
Node2Vec on a single machine and its distributed version on Apache Spark. Is it
possible to notice in Figure 6.5 and 6.6 both modes of ActorNode2Vec require less
time than Node2Vec. In particular, ActorNode2Vec PC requires on average, 73% less
time than Node2Vec and 72% less than the Spark version by varying the length of
the walks. Considering the number of walks Actornode2vec requires respectively the
81.56 % less and the 74% less than Node2Vec and the Spark version. This results
also highlight that the Node2Vec implementation on Spark offers better performance
than the original one only when the value of the parameters is below a threshold.

6.5.4 Comparison with DeepWalk

DeepWalk differs from Node2Vec for the absence of a probabilities computation step
and implements also a streaming strategy from the main memory to avoid memory
issues. However varying the two parameters of interest as in the previous cases it is
possible to see that below a very small threshold, its behavior is similar to ActorN-
ode2Vec, but above that value both modes of our solution perform better. In particular,
the PC mode requires on average the 19% less time in the number of walks case and
the 10.5 % by varying the walks length.

6.5.5 Comparison with a Java version of Node2Vec

In order of further analyze if the better performance of ActorNode2Vec are due to the
actor model or to the different Java platform, we implemented the original Node2Vec
in Java. This version exploits common parts of ActorNode2Vec, but it does not pro-
vide distributed probabilities computation and random walking as the original Python
implementation. In both cases (walk length and number of walks) ActorNode2Vec re-
quires less computational time, especially with the grow of the parameter value. In
particular, the PC mode requires on average, 35% less time in the number of walks
case and 25.2% less by varying the walks length.
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6.6 Final remarks

This work presents a scalable and distributed version of the Node2Vec algorithm
called ActorNode2vec, developed on an actor-based architecture that allows to over-
come some limitations in terms of memory requirements and time complexity when
applied to large networks. Results show important reduction with respect to other
available algorithms in terms of the required computational times, while memory is-
sues are overcome with the scalability of the solution. Some future developments are
related to the second bottleneck of the algorithm, that concerns with the time com-
plexity of the Neural Network adopted for the embedding phase. For example an
implementation with DeepLearning4j could improve required training times, as the
choice of distributing also the training phase. Some other future developments are
related to the use of the actors also for a distributed generation of the random walks
and the use of different strategies for the network exploration.



Chapter 7

Node embedding in dynamic
graphs

The recent advent of random walks-based embedding techniques enabled a more ef-
ficient application of machine learning techniques on graphs.

These techniques allow each node of a network to be encoded into an arbitrary
low-dimensional vector representation, which can be exploited by statistical learning
models. However, the main limitation of these approaches is that the embedding task
is solved as an optimization problem on a static snapshot of the graph. In a real sce-
nario, temporal dynamics should be considered with some consequences: new nodes
might join the network and get a representation of only these new ones. As a con-
sequence, a new training step over the entire graph is required. Even more, training
models with static approaches can have resource-intensive requirements, especially
when dealing with large networks

In light of this, an incremental feature learning that builds on top of previously
already learned knowledge (previous partial embedding of the network) and well-
known properties can be a solution to address both limitations efficiently in real sce-
narios. Our approach is suitable for graphs whose degree distribution resembles a
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power-law function. However, this is not a severe limitation because several works
have largely demonstrated that real systems tend to present this node degree distri-
bution. Moreover, the choice of power-law graphs is motivated by the presence of
the Hub nodes (nodes with the highest degree). These particular nodes are selected
as the more suitable and rich of information to approximate the entire network when
performing feature learning of new nodes. However, a different criterion to select the
first nodes is possible and it will be further investigate in future works.

This research work presents two main scientific contributions: (a) an incremental fea-
ture learning algorithm for node embedding, which exploits properties of power-law
distribution and spaces alignment techniques named WalkHub2vec; (b) we demon-
strate empirically, by performing node labeling tasks, that a lightweight solution to
encode new nodes, based on limited knowledge of the embeddings of the network
hub-nodes, can provide comparable or better performances, with respect to static ap-
proaches. Experiments have been performed on three well-known graphs, Wikipedia,
Blogcatalog, and Protein-Protein interactions, that are considered a benchmark in
graph embedding literature.

7.1 Context

In the last two years, several works have tried to address the issue of node embedding
in a dynamic context, and this increasing production of different solutions highlights
the importance of the topic both in academia and industry. The most used approach
in the literature is based on modeling dynamics as a sequence of static snapshots.

The first algorithm, based on network snapshots, is the Continuous-time Dynamic
Network Embedding (CTDNE) [103], proposed for the link prediction task. It relies
on the concept of temporal random walks, using timestamps to preserve the time or-
der of edges and thus their temporal dependencies. It can preserve temporal structural
properties for link prediction, but it requires retraining at every change in the network.
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Other successful snapshots-based works, relying on a different approach, are Dyn-
GEM [104], the one proposed in [105], Dynnode2vec [106] and Dyngraph2vec [107].
Dyngem and Dyngraph2vec estimate node representation with a deep autoencoder
and an LSTM, respectively, by initializing network weights with the previously com-
puted embedding at time t−1. Both algorithms address the problem of graph visual-
ization and link prediction without node classification. Their main limitation is their
use of their own learning model (PropSize), so they only work with this embedding
method.

The algorithm proposed in [105] is an extension of the Skip-gram model and, in
particular of the LINE algorithm. Its interesting contribution is that when a new node
joins the network, changes in the representations of other nodes are limited. In light
of this, it computes a new representation with new walks only for a selected set of
vertices. It offers impressive performance in several tasks, including a simple task of
node classification, independently to the static algorithm used for random walk gen-
eration.

Finally, Dynnode2vec can be seen as a combination that takes the advantages of
CTDNE and the algorithm in [105]. It uses the concept of evolving walk genera-
tion and computes new representation only for new nodes that join the graph in a
particular timeframe by initializing the hidden weights of the neural network with
the ones used to embed the snapshot at time t−1.

More recently, in [108], the authors proposed an algorithm, named Credit probing
network embedding, that aims to compute node embedding for evolving networks
with a partial monitoring of the network. The basic idea is to update each node vec-
tor dealing with it as a timestamps vector and to exploit a probing system to decide
which node and when it should be updated. However, in this case, the evaluation task
is represented by the link prediction task, and the source code is not currently avail-
able.
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Finally, in [109], the authors propose tNodeEmbed, an algorithm based on Node2Vec
that learns new nodes representation by aligning snapshots using Orthogonal Pro-
custes [110] and then training an LSTM for a given task to optimize feature learning.
It is not easy to assert which one is the best, because they are experimented on dif-
ferent datasets and with some gaps for what concerns other more difficult tasks like
Node classification. The only tNodeEmbed takes into consideration the task of multi-
class node classification, i.e., the benchmark task allowing a comparison with static
approaches.

This last algorithm reaches very interesting performance, but a complete comparison
with the static case remains difficult. The authors experimented with tNodeEmbed on
different datasets and the used parameters for embedding are unclear. From direct ex-
periments and the analysis of recent literature, we can assert that the idea of dynamic
network embedding based on snapshot does not solve scalability issues and retrain-
ing is time-consuming, although less than the static case under certain conditions. In
particular, these are important limitations when dealing with real networks that can
often be large and dense. We have to be able to maintain previous embeddings and
sometimes the set of previous walks whenever there is a change.

It is possible to conclude that several issues and open problems are present in dy-
namic network embedding. However, considering the recent growth of this research
line, all of the works reviewed in this section propose interesting approaches with im-
portant progress that trace a way to more generalized solutions. In this work, we take
into account specifically the multi-class node labeling task in light of (i) the reported
lacks in state of the art, and (ii) the different issues which this case presents, with
respect to the more studied case of link prediction.

7.1.1 Properties of power-law graphs

WalkHub2Vec founds its theoretical justifications in several properties of power-law
graphs (Scale-free networks). The importance of this particular category of networks
has been widely discussed in several research fields (E.g. [111],[112],[113]). The
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main reason is related to the fact that it fits the relationships among entities in many
real systems, in various domains. The difference between a random network and a
power law one lies in the probability distribution, which better describes a node’s
choice with a particular degree. In random networks, the randomness of links gener-
ation brings to a Poisson distribution and a lack of a component composed of nodes
with a higher degree than other nodes, i.e., the hub nodes [114]. On the other hand,
real systems are often better described by a power-law because only a few nodes
present a high degree, while most of the remaining nodes have a small degree. When
a system presents a power-law degree distribution, it means that the probability of
randomly selecting a node with degree K is well approximated by Equation 7.1

Pk ∼ k−γ (7.1)

This difference has an important consequence on how networks tend to grow. In
power-law graphs, the evolution is well described by the Barabási-Albert Model
[115]. This model assumes that in power-law graphs (or Scale-free graphs) the growth
is described by a property called Preferential Attachment. This property claims that
the probability Π(k) of a new node to be connected with node i depends on the de-
gree ki, as in Equation 7.2. That means that the growth in this kind of graph follows
a probabilistic mechanism where a new node is free to connect to any node in the
network, whether it is a hub or has a single link. However, if a new node has a choice
between a degree-two and a degree-four node, it is twice as likely that it connects
to the degree-four node [114]. This behavior related to the power-law distribution is
well known also as the Pareto principle, or 80/20 rule [116]. This rule can be sum-
marized, saying that roughly 80% of the effects come from 20% of the causes. For
example, as Pareto noticed in the 19th century, 20% of the population earned most of
the money, while most of the population (80%) earned rather small amounts. Thus, it
is likely that new incomes are destined to that 20% of people. Similarly, if a new node
joins a network, it will likely be connected with the graph’s 20% of hub nodes. This
property relies on the long-tail of the power law distribution: in this kind of graphs, it
is possible to observe that most nodes have a small degree while few nodes have a big
degree (the so called long-tail). For this reason, as illustrated in [114] in power-law
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graphs is present a giant component that is composed by hub nodes (nodes with a
high degree) that connect most of the normal nodes with a small degree.

∏(ki) =
ki

∑ j k j
(7.2)

7.2 WalkHub2Vec: A meta-algorithm for node embedding
in dynamic networks

In this section we describe the incremental feature learning algorithm for node em-
bedding. In light of the properties summarized in Section 7.1.1, we take into account
power-law graphs. First of all because WalkHub2Vec aims to be a solution to embed
real systems graphs, thus this choice does not represent a limitation. Secondarily, to
the best of our knowledge, these properties have not been taken into account by pre-
vious works.

Finally, as we demonstrate in the result section, these properties represent a useful
tool to address the dynamical case of a new node joining the network and in need
for a vector representation. Also, we believe that an important part of the information
required by the node classification can be directly found in the hubs component of
each graph. The algorithm that we present is based on DeepWalk for simplicity, but it
can be used with other embedding solution (e.g. Node2Vec or LINE) and also com-
bining them in different moment. Additionally, being it based on a static embedding
of a network, it is possible to retrieve past trained embeddings of a network to obtain
the representation of new nodes without retraining.

Every time a new node has to be embedded with respect to the previous static em-
bedding, we seek to optimize a variant of the problem in Equation 2.2 specifically
for incremental feature learning. This optimization maximizes the probability of ob-
serving a second-order neighborhood among the hubs component for the new node
i, conditioned on an aligned feature representation between the target original space
and a lightweight embedding of the hubs, or in other words the embedding of node i
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with respect to the original embedding space:

maxPr(NH(i)|R · fH(i)) (7.3)

Where R is the rotational matrix necessary to align the drifted embedding space and
is later discussed in detail. Being A defined as the static algorithm chosen for the
unique snapshot of the graph, WalkHub2Vec has the following steps:

1. It computes the static embedding of the network G with A following the spe-
cific parameters of the considered algorithm and solving the general optimiza-
tion problem in Equation 2.2. Given a graph G we define also EG{G} as the
embedding of G made with respect to G itself.

2. The algorithm extracts the hub component of the network by selecting the sub-
graph H induced by the percentage λ of nodes with the highest degree. The
parameter λ is set as default equal to 20 in light of the Pareto principle. For
construction EH{G} ⊂ EG{G} without any other computation (Figure 7.1a).

3. When a new node i joins the network, it is considered a graph composed by
the sub-graph H plus the node i: H + i. In the rare case when the new node in
the power-law graph has not links with the hubs, a single random walk from i
to one of the hubs is considered in the construction of H + i. Given the smaller
network H + i a lightweight embedding EH{H+i} is computed with A or an arbi-
trary algorithm (Figure 7.1b).

4. In order to get the embedding of node i with respect to the original embed-
ding space, the algorithm proceed to align EH{H+i} with EH{G} by learning the
optimal rotation matrix. The alignment involves only nodes’ representations
who belong to the second-order neighborhood of i in the hub component (Fig-
ure 7.1c). Alignment details are discussed later in 7.2.1.

5. Once the rotational matrix R is computed, the embedding of i with respect of



108 Chapter 7. Node embedding in dynamic graphs

the original embedding space is the dot product between R and the embedding
of i with respect to H + i space (Figure 7.1d).

G
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EH{G}
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EG{G}
EG+i{G}
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Figure 7.1: (a) First and second steps of the algorithm; The embedding of the hub
component is extracted as a subset of the entire embedding EG(b) Third step: A new
node i joins the network and a new embedding of only the H sub-graph is computed;
(c) The two embedding spaces have all nodes in common expect for the new node
i. They have to be aligned to get i coordinates with respect to the original space.
Embedding alignments by learning the optimal rotation matrix; (d) Node i with its
resulting embedding in the original space

7.2.1 The orthogonal Procrustes problem

The orthogonal Procrustes problem [110] is a matrix approximation technique that
aims to learn the orthogonal rotational matrix R which closely maps a matrix A to a
matrix B (Equation 7.4). It is based on the Frobenius norm and a closed-form solution
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is provided with the Single Value Decomposition (SVD).

R = argminΩ||ΩA−B||F sub ject to ΩΩ
T (7.4)

In WalkHubs2Vec, matrix A is represented by the embedding of the second-order
neighborhood of node i in EH{H+i} and respectively the correspondents in EH{G} . In
order to increase the quality of the alignment the two matrix are previously pre-
processed following the full Procrustes superimposition [117]. It requires that ma-
trices, that can be seen as geometric shapes to be aligned, are previously uniformly
scaled and translated to have the average value in the origin.

7.3 Experimental results

In this section we provide an overview of the datasets and methods which we will use
in our experiments. Code and data to reproduce our results are available on GitHub
(see footnote 1). In order to evaluate WalkHubs2Vec and the related methodology, we
performed two different kind of node labelling tasks: multi-label classification and
multi-class classification. The difference is that in the first one each node can have
more than one label at the same time and each one has to be correctly predicted. For
both tasks, with the aim of a fair comparison between our method and the static tech-
niques, we used the exact experimental procedure as in [118, 119], DeepWalk [120]
and Node2Vec [23] and their common datasets. Specifically, we randomly selected a
percentage of the labeled nodes between 10 and 90%, and use them as training data.
The rest of the nodes are used as test set. We repeated this process 10 times, and
we report the average performance in terms of both Macro-F1 and Micro-F1. The
machine learning model used for both tasks is a One-Vs-Rest logistic regression. 1

7.3.1 Datasets

For the multi-label classification we considered three networks: PPI and Wikipedia.
We selected these networks as a benchmark because have also been used to evaluate
Node2Vec and DeepWalk in their respective papers.

1https://github.com/gfl-datascience/walkHub2vec
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• PPI: Protein-Protein interactions for Homo Sapiens, is a network with 3,890
nodes, 76,584 edges and 50 different labels, where labels represent the biolog-
ical states.

• Wikipedia: This network is composed by 4,777 nodes with 40 different labels
and 184,812 edges. It is a co-occurrence network of word appearing in the first
million bytes of the Wikipedia dump. Labels are Part-of-Speech (POS) tags
associated to each word.

• Blogcatalog: It is a social network of relationships among blogger authors on
the BlogCatalog website. The network has 10,312 nodes, 333,983 edges and
39 different labels that represent blogger interest inferred through metadata.

For the multi-class classification task we used Cora, that is one of the most famous
in literature for this task (E.g. [19],[121]) with its various versions. It is a citation
network composed by papers about different research areas of Computer Science
and their citations. We used the largest version available with all of the nodes and
the labels [122]. The network has 23,567 nodes, 93965 edges and 10 classes, which
represent the topic of the articles.

7.3.2 Experimental setup

In light of the reasons explained in Section 7.1 about a necessary fair comparison
between static methods and dynamic ones, we used the same dataset used to evaluate
Node2vec and DeepWalk. Unfortunately, these datasets have not temporal informa-
tion. This has not been a significant limitation for our evaluation, since we do not aim
to solve a temporal problem but an incremental one, when a new generic node joins
the network.

Under this hypothesis, we selected the 10% of the nodes with the lowest degree in
each dataset to simulate their appearance (I set). This choice is also motivated by
the idea that the leaf nodes with few links are often under evaluated by the sampling
edges techniques used in the Skip-gram model. In order to prove the effectiveness



7.3. Experimental results 111

of our methodology, we also treated the moments at which they join the network as
totally independent events. In other words, we do not consider the possibly existing
edges in the sub-graph induced by the I set. The rest of the network represents the
first static snapshot used as input for WalkHubs2Vec.

As static embedding we used predominantly DeepWalk and in one case also Node2vec
as demonstration that our algorithm and the methodology can deal with any node
embedding technique. We also made a comparison with these two algorithms when
the entire networks are embedded statically. We used the same hyper-parameters pro-
posed in the respective papers of DeepWalk and Node2Vec, without any optimization
of these parameters.

• Dimension = 128

• Walk lenght = 10

• Number of walk = 80

• P and Q (Node2vec) both equal to zero to compare with DeepWalk

We also used in each case the parameter λ = 20, in this way the static network is
divided into two groups: 20% of hubs and the remaining 80% unconsidered for the
embedding.

7.3.3 Multi-label node classification

In this section we report the results of the multi-label classification on PPI, Blogcat-
alog and Wikipedia. We experimented our algorithm with the previously introduced
methodology by selecting different portions of nodes as training set, in the range be-
tween 10% and 90%. However, we report only results for the case of 50%, because
we are interested in evaluating how features, computed incrementally on the 10% of
the nodes of I set, can affect the prediction results. This condition became more evi-
dent when we randomly selected large portions of the network in the 10 runs. Results
are presented in Figure 7.2.



112 Chapter 7. Node embedding in dynamic graphs

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90

0.19

0.20

0.21

0.22

0.23

M
icr

o 
F-

1 
sc

or
e

PPI

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90

0.165

0.170

0.175

0.180

0.185

0.190

0.195

M
ac

ro
 F

-1
 sc

or
e

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90

0.385

0.390

0.395

0.400

0.405

0.410

BLOGCATALOG

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90

0.245

0.250

0.255

0.260

0.265

0.270

0.275

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90

0.475

0.480

0.485

0.490

0.495

0.500

0.505

0.510

0.515
WIKIPEDIA

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90

0.095

0.100

0.105

0.110

0.115

0.120

0.125

Node2vec DeepWalk WalkHubs2vec- DeepWalk based WalkHubs2vec - Node2vec based

Figure 7.2: Performance evaluation of different benchmarks on varying amount of
labeled data used for training. The x axis denotes the fraction of labeled data, whereas
the y axis in the top and bottom rows denote the Micro-F1 and Macro-F1 scores
respectively.

7.3.3.1 Protein-Protein Interactions

On this dataset, WalkHubs2Vec performs slightly better than Node2Vec and Deep-
walk both with Micro and Macro F-1 score. In particular it is interesting the result
when the selected percentage of training is the 90% and probably most of the nodes
of I set have been considered in the 10 runs.

7.3.3.2 BlogDatalog

On this dataset, WalkHubs2Vec performs in a comparable way with DeepWalk with
an average divergence of -0.004 and -0.009 in terms of respectively micro and macro
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F-1 score.

7.3.3.3 Wikipedia

Unlike the two previous networks, on Wikipedia Node2Vec performs in general bet-
ter than DeepWalk. In light of this, we present results obtained with WalkHubs2Vec
based on DeepWalk but also based on Node2Vec. In both cases WalkHub2Vec per-
forms in a comparable way than the static techniques. The average divergence be-
tween Node2vec and the incremental case is 0.003 and -0.006 for micro and macro
F-1 respectively. As expected, the version of WalkHubs2Vec based on Node2Vec per-
forms bettern than the one based on DeepWalk as reflection of the static performance
of the algorithms.

7.3.4 Comparative analysis for multi-label classification

Several features of the selected datasets should be considered, to get an overall evalu-
ation of our algorithm in the multi-label classification task. First of all, each network
presents a power-law distribution for node degree, but Wikipedia graph has a more
significant cut-off than the others. Practically, on this dataset, the power-law distribu-
tion is more acceptable after a certain degree (around 10), while before this value, a
log-normal distribution is more evident. In our opinion, this fact is what makes the
difference with results we obtained with the PPI dataset since the density of the two
graphs is quite similar (PPI: 0.005, Wikipedia: 0.003) and the average node degree
(PPI: 19, Wikipedia: 15).

Another critical factor is how the topological structure affects the results and how
the number of labels that have to be predicted. We analyzed this aspect more by com-
paring the three networks in terms of modularity for community detection and con-
nected components. In PPI, where we have better results than the other algorithms,
the number of labels is 50, modularity is 0.337, and it is possible to find 43 different
clusters (or communities) and 35 connected components. That means that nodes tend
to arrange in groups with the same labels, and thus, the classification task results to
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be more simple. In the Wikipedia network, with a Modularity equal to 0.2, we found
only 12 clusters, a single connected component with 40 different labels that have to
be predicted. Finally, Blogcatalog resulted in a more difficult case: with a Modularity
equal to 0.24 we found 7 different clusters, one single connected component when
the number of labels is 39.

In light of this, we hypothesize that exploiting the power-law properties can make
a significant difference when the labels reflect also the topological structure of the
network, and on the other hand, have comparable results in the other cases. However,
in these last cases, having comparable results by using only the 20 percent of nodes
to compute the embedding is an interesting result that should be more analyzed in
future works.

7.3.5 Multi-class node classification

In this section, we report the results of the multi-class classification on Cora with
WalkHubs2Vec based on DeepWalk with the static case where the entire network
is embedded with Node2Vec and DeepWalk. In this case, WalkHubs2Vec outper-
forms the baseline methods both in micro and macro F-1 score. The average gain of
WalkHubs2Vec is about 0.01 in both metrics. Results are presented in Figure 7.3.

7.4 Final remarks

In this research work we have addressed the problem of incremental feature learning
for node embedding in power-law graphs. The work is focused on the idea of taking
advantages of the scale-free property of this category of graphs, to compute embed-
ding of new nodes without retraining the learning model in the node classification
context. We propose also an implementation of this methodology, WalkHubs2Vec,
that can deal with any embedding techniques. Results demonstrate how the combina-
tion of partial embeddings based on the hubs component and embedding alignment
can solve the problem with good results in terms of features quality for the new nodes.
WalkHubs2Vec reaches equal or slightly better results when compared to well-known
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Figure 7.3: Performance evaluation on Cora of different benchmarks on varying the
amount of labeled data used for training. The x axis denotes the fraction of labeled
data, whereas the y axis in the top and bottom rows denote the Micro-F1 and Macro-
F1 scores respectively.

static methods, as Node2vec and DeepWalk. Future developments are related to per-
forming different tasks with this methodology (e.g. link prediction) and tests with
temporal data. Moreover, it would be interesting to use a similar approach also in
word embedding and other embedding contexts.





Chapter 8

Conclusions

All of the works described in this thesis are related to the representation learning, as
a preliminary task achieved using neural network embeddings. This thesis has two
main goals.

The first one is to analyze the opportunity of designing representation learning tasks
on unstructured data to extract new knowledge. This first goal is achieved with a novel
methodology that extracts and highlights information by exploiting human mobility
metrics and similarity metrics over the embedding spaces. In chapter 3, we presented
two contributions as use cases of knowledge extraction from embedding spaces.

In particular, the one related to the analysis of scholars represents a first attempt to
combine mobility metrics for the first time in a non-geographical context. As shown
by the results, it is possible to extract useful knowledge by building a semantic space
and exploiting it with the Radius of Gyration. Future works are related to apply-
ing this methodology to new contexts to make also quantitative analysis other than
qualitative. For example, it is possible to use the same methods to understand how a
single change its way of writing (for example, in arts, music, but also in the financial
domain).

The second contribution is exploiting neural network embedding to understand
American companies’ changes while reporting their 10Ks statements. As shown by
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the results, neural embedding techniques outperform in both cases (based on word2vec
and in doc2vec) other methods presented in the state of the art (See Lazy prices and
bag-of-word in section 3.2). Indeed, by building a novel portfolio selection algorithm
by measuring cosine similarity over the semantic space, we can outperform the mar-
ket and the state of the art in this field.

The second goal of this thesis is to overcome the main limits of representation learn-
ing on graphs. In chapter 4, we presented two more contributions in this direction.

The first one, named ActorNode2Vec is an actor-based version of the Node2vec
algorithm that distributes random walks and probabilities computation exploiting dif-
ferent agents that organize themselves and enable them to perform representation
learning over large-scale networks. The results demonstrate that distributing all of
the steps before the neural network training permits to save more than 80% of com-
putational time in a normal context.

The second one, named WalkHub2vec, is an algorithm for incremental feature
learning to deal with dynamic graphs. In particular, this work aims to learn the rep-
resentation of a single new node by using only the 20% of hub nodes of the graph
and not the entire network. Experiments show that the algorithm has comparable per-
formance with static approaches. It means that it is not necessary to compute a new
static snapshot of the graph and a new embedding just to encode the new entry. In-
deed, this work wants to demonstrate that exploiting power-law properties can be a
good approach when the graph’s changes are related to a few nodes, rather than com-
puting the embedding again for the entire graph. Future works are related to more
experimentation of this algorithm but also novel approaches for dynamic graph em-
bedding.
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