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Abstract This chapter is an introduction to the use of data science technologies in
the fields of economics and finance. The recent explosion in computation and infor-
mation technology in the past decade has made available vast amounts of data in
various domains, which has been referred to as Big Data. In economics and finance,
in particular, tapping into these data brings research and business closer together,
as data generated in ordinary economic activity can be used towards effective and
personalized models. In this context, the recent use of data science technologies for
economics and finance providesmutual benefits to both scientists and professionals,
improving forecasting and nowcasting for several kinds of applications. This chapter
introduces the subject through underlying technical challenges such as data handling
and protection, modeling, integration, and interpretation. It also outlines some of the
common issues in economic modeling with data science technologies and surveys
the relevant big data management and analytics solutions, motivating the use of data
science methods in economics and finance.

1 Introduction

The rapid advances in information and communications technology experienced
in the last two decades have produced an explosive growth in the amount of
information collected, leading to the new era of big data [31]. According to [26],
approximately three billion bytes of data are produced every day from sensors,
mobile devices, online transactions, and social networks, with 90% of the data in
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the world having been created in the last 3 years alone. The challenges in storage,
organization, and understanding of such a huge amount of information led to
the development of new technologies across different fields of statistics, machine
learning, and data mining, interacting also with areas of engineering and artificial
intelligence (AI), among others. This enormous effort led to the birth of the new
cross-disciplinary field called “Data Science,” whose principles and techniques aim
at the automatic extraction of potentially useful information and knowledge from the
data. Although data science technologies have been successfully applied in many
different domains (e.g., healthcare [15], predictive maintenance [16], and supply
chain management [39], among others), their potentials have been little explored in
economics and finance. In this context, devising efficient forecasting and nowcasting
models is essential for designing suitable monetary and fiscal policies, and their
accuracy is particularly relevant during times of economic turmoil. Monitoring
the current and the future state of the economy is of fundamental importance
for governments, international organizations, and central banks worldwide. Policy-
makers require readily available macroeconomic information in order to design
effective policies which can foster economic growth and preserve societal well-
being. However, key economic indicators, on which they rely upon during their
decision-making process, are produced at low frequency and released with consid-
erable lags—for instance, around 45 days for the Gross Domestic Product (GDP)
in Europe—and are often subject to revisions that could be substantial. Indeed,
with such an incomplete set of information, economists can only approximately
gauge the actual, the future, and even the very recent past economic conditions,
making the nowcasting and forecasting of the economy extremely challenging tasks.
In addition, in a global interconnected world, shocks and changes originating in
one economy move quickly to other economies affecting productivity levels, job
creation, and welfare in different geographic areas. In sum, policy-makers are
confronted with a twofold problem: timeliness in the evaluation of the economy
as well as prompt impact assessment of external shocks.

Traditional forecasting models adopt a mixed frequency approach which bridges
information from high-frequency economic and financial indexes (e.g., industrial
production or stock prices) as well as economic surveys with the targeted low-
frequency variable, such as the GDP [28]. An alternative could be dynamic factor
models which, instead, resume large information in few factors and account of
missing data by the use of Kalman filtering techniques in the estimation. These
approaches allow the use of impulse-responses to assess the reaction of the economy
to external shocks, providing general guidelines to policy-makers for actual and
forward-looking policies fully considering the information coming from abroad.
However, there are two main drawbacks to these traditional methods. First, they
cannot directly handle huge amount of unstructured data since they are tailored to
structured sources. Second, even if these classical models are augmented with new
predictors obtained from alternative big data sets, the relationship across variables
is assumed to be linear, which is not the case for the majority of the real-world cases
[21, 1].
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Data science technologies allow economists to deal with all these issues. On the
one hand, new big data sources can integrate and augment the information carried
by publicly available aggregated variables produced by national and international
statistical agencies. On the other hand, machine learning algorithms can extract new
insights from those unstructured information and properly take into consideration
nonlinear dynamics across economic and financial variables. As far as big data is
concerned, the higher level of granularity embodied on new, available data sources
constitutes a strong potential to uncover economic relationships that are often not
evident when variables are aggregated over many products, individuals, or time
periods. Some examples of novel big data sources that can potentially be useful
for economic forecasting and nowcasting are: retail consumer scanner price data,
credit/debit card transactions, smart energy meters, smart traffic sensors, satellite
images, real-time news, and social media data. Scanner price data, card transactions,
and smart meters provide information about consumers, which, in turn, offers the
possibility of better understanding the actual behavior of macro aggregates such as
GDP or the inflation subcomponents. Satellite images and traffic sensors can be used
to monitor commercial vehicles, ships, and factory tracks, making them potential
candidate data to nowcast industrial production. Real-time news and social media
can be employed to proxy the mood of economic and financial agents and can be
considered as a measure of perception of the actual state of the economy.

In addition to new data, alternative methods such as machine learning algorithms
can help economists in modeling complex and interconnected dynamic systems.
They are able to grasp hidden knowledge even when the number of features under
analysis is larger than the available observations, which often occurs in economic
environments. Differently from traditional time-series techniques, machine learning
methods have no “a priori” assumptions about the stochastic process underlying the
state of the economy. For instance, deep learning [29], a very popular data science
methodology nowadays, is useful in modeling highly nonlinear data because the
order of nonlinearity is derived or learned directly from the data and not assumed
as is the case in many traditional econometric models. Data science models are able
to uncover complex relationships, which might be useful to forecast and nowcast
the economy during normal time but also to spot early signals of distress in markets
before financial crises.

Even though such methodologies may provide accurate predictions, understand-
ing the economic insights behind such promising outcomes is a hard task. These
methods are black boxes in nature, developed with a single goal of maximizing
predictive performance. The entire field of data science is calibrated against out-
of-sample experiments that evaluate how well a model trained on one data set will
predict new data. On the contrary, economists need to know howmodels may impact
in the real world and they have often focused not only on predictions but also on
model inference, i.e., on understanding the parameters of their models (e.g., testing
on individual coefficients in a regression). Policy-makers have to support their
decisions and provide a set of possible explanations of an action taken; hence, they
are interested on the economic implication involved in model predictions. Impulse
response functions are a well-known instruments to assess the impact of a shock
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in one variable on an outcome of interest, but machine learning algorithms do not
support this functionality. This could prevent, e.g., the evaluation of stabilization
policies for protecting internal demand when an external shock hits the economy.
In order to fill this gap, the data science community has recently tried to increase
the transparency of machine learning models in the literature about interpretable AI
[22]. Machine learning applications in economics and finance can now benefit from
new tools such as Partial Dependence plots or Shapley values, which allow policy-
makers to assess the marginal effect of model variables on the predicted outcome.
In summary, data science can enhance economic forecasting models by:

• Integrating and complementing official key statistic indicators by using new real-
time unstructured big data sources

• Assessing the current and future economic and financial conditions by allowing
complex nonlinear relationships among predictors

• Maximizing revenues of algorithmic trading, a completely data-driven task
• Furnishing adequate support to decisions by making the output of machine

learning algorithms understandable

This chapter emphasizes that data science has the potential to unlock vast
productivity bottlenecks and radically improve the quality and accessibility of
economic forecasting models, and discuss the challenges and the steps that need
to be taken into account to guarantee a large and in-depth adoption.

2 Technical Challenges

In recent years, technological advances have largely increased the number of
devices generating information about human and economic activity (e.g., sensors,
monitoring, IoT devices, social networks). These new data sources provide a
rich, frequent, and diversified amount of information, from which the state of the
economy could be estimated with accuracy and timeliness. Obtaining and analyzing
such kinds of data is a challenging task due to their size and variety. However, if
properly exploited, these new data sources could bring additional predictive power
than standard regressors used in traditional economic and financial analysis.

As the data size and variety augmented, the need for more powerfulmachines and
more efficient algorithms became clearer. The analysis of such kinds of data can be
highly computationally intensive and has brought an increasing demand for efficient
hardware and computing environments. For instance, Graphical Processing Units
(GPUs) and cloud computing systems in recent years have become more affordable
and are used by a larger audience. GPUs have a highly data parallel architecture
that can be programmed using frameworks such as CUDA1 and OpenCL.2 They

1NVIDIA CUDA: https://developer.nvidia.com/cuda-zone.
2OpenCL: https://www.khronos.org/opencl/.

https://developer.nvidia.com/cuda-zone
https://www.khronos.org/opencl/
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consist of a number of cores, each with a number of functional units. One or
more of these functional units (known as thread processors) process each thread of
execution. All thread processors in a core of a GPU perform the same instructions,
as they share the same control unit. Cloud computing represents the distribution
of services such as servers, databases, and software through the Internet. Basically,
a provider supplies users with on-demand access to services of storage, processing,
and data transmission. Examples of cloud computing solutions are the Google Cloud
Platform,3 Microsoft Azure,4 and Amazon Web Services (AWS).5

Sufficient computing power is a necessary condition to analyze new big data
sources; however, it is not sufficient unless data are properly stored, transformed,
and combined. Nowadays, economic and financial data sets are still stored in
individual silos, and researchers and practitioners are often confronted with the
difficulty of easily combining them across multiple providers, other economic
institutions, and even consumer-generated data. These disparate economic data sets
might differ in terms of data granularity, quality, and type, for instance, ranging
from free text, images, and (streaming) sensor data to structured data sets; their
integration poses major legal, business, and technical challenges. Big data and data
science technologies aim at efficiently addressing such kinds of challenges.

The term “big data” has its origin in computer engineering. Although several
definitions for big data exist in the literature [31, 43], we can intuitively refer to
data that are so large that they cannot be loaded into memory or even stored on
a single machine. In addition to their large volume, there are other dimensions
that characterize big data, i.e., variety (handling with a multiplicity of types,
sources and format), veracity (related to the quality and validity of these data),
and velocity (availability of data in real time). Other than the four big data features
described above, we should also consider relevant issues as data trustworthiness,
data protection, and data privacy. In this chapter we will explore the major
challenges posed by the exploitation of new and alternative data sources, and the
associated responses elaborated by the data science community.

2.1 Stewardship and Protection

Accessibility is a major condition for a fruitful exploitation of new data sources for
economic and financial analysis. However, in practice, it is often restricted in order
to protect sensitive information. Finding a sensible balance between accessibility
and protection is often referred to as data stewardship, a concept that ranges
from properly collecting, annotating, and archiving information to taking a “long-
term care” of data, considered as valuable digital assets that might be reused in

3Google Cloud: https://cloud.google.com/.
4Microsoft Azure: https://azure.microsoft.com/en-us/.
5Amazon Web Services (AWS): https://aws.amazon.com/.

https://cloud.google.com/
https://azure.microsoft.com/en-us/
https://aws.amazon.com/
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future applications and combined with new data [42]. Organizations like the World
Wide Web Consortium (W3C)6 have worked on the development of interoperability
guidelines among the realm of open data sets available in different domains to ensure
that the data are FAIR (Findable, Accessible, Interoperable, and Reusable).

Data protection is a key aspect to be considered when dealing with economic and
financial data. Trustworthiness is a main concern of individuals and organizations
when faced with the usage of their financial-related data: it is crucial that such data
are stored in secure and privacy-respecting databases. Currently, various privacy-
preserving approaches exist for analyzing a specific data source or for connecting
different databases across domains or repositories. Still several challenges and
risks have to be accommodated in order to combine private databases by new
anonymization and pseudo-anonymization approaches that guarantee privacy. Data
analysis techniques need to be adapted to work with encrypted or distributed data.
The close collaboration between domain experts and data analysts along all steps of
the data science chain is of extreme importance.

Individual-level data about credit performance is a clear example of sensitive
data that might be very useful in economic and financial analysis, but whose access
is often restricted for data protection reasons. The proper exploitation of such data
could bring large improvements in numerous aspects: financial institutions could
benefit from better credit risk models that identify more accurately risky borrowers
and reduce the potential losses associated with a default; consumers could have
easier access to credit thanks to the efficient allocation of resources to reliable
borrowers, and governments and central banks could monitor in real time the
status of their economy by checking the health of their credit markets. Numerous
are the data sets with anonymized individual-level information available online.
For instance, mortgage data for the USA are provided by the Federal National
Mortgage Association (Fannie Mae)7 and by the Federal Home Loan Mortgage
Corporation (Freddie Mac):8 they report loan-level information for millions of
individual mortgages, with numerous associated features, e.g., repayment status,
borrower’smain characteristics, and granting location of the loan (we refer to [2, 35]
for two examples of mortgage-level analysis in the US). A similar level of detail is
found in the European Datawarehouse,9 which provides loan-level data of European
assets about residential mortgages, credit cards, car leasing, and consumer finance
(see [20, 40] for two examples of economic analysis on such data).

6World Wide Web Consortium (W3C): https://www.w3.org/.
7Federal National Mortgage Association (Fannie Mae): https://www.fanniemae.com.
8Federal Home Loan Mortgage Corporation (Freddie Mac): http://www.freddiemac.com.
9European Datawarehouse: https://www.eurodw.eu/.

https://www.w3.org/
https://www.fanniemae.com
http://www.freddiemac.com
https://www.eurodw.eu/
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2.2 Data Quantity and Ground Truth

Economic and financial data are growing at staggering rates that have not been seen
in the past [33]. Organizations today are gathering large volume of data from both
proprietary and public sources, such as social media and open data, and eventually
use them for economic and financial analysis. The increasing data volume and
velocity pose new technical challenges that researchers and analysts can face by
leveraging on data science. A general data science scenario consists of a series of
observations, often called instances, each of which is characterized by the realization
of a group of variables, often referred to as attributes, which could take the form of,
e.g., a string of text, an alphanumeric code, a date, a time, or a number. Data volume
is exploding in various directions: there are more and more available data sets, each
with an increasing number of instances; technological advances allow to collect
information on a vast number of features, also in the form of images and videos.

Data scientists commonly distinguish between two types of data, unlabeled and
labeled [15]. Given an attribute of interest (label), unlabeled data are not associated
with an observed value of the label and they are used in unsupervised learning
problems, where the goal is to extract the most information available from the data
itself, like with clustering and association rules problems [15]. For the second type
of data, there is instead a label associated with each data instance that can be used
in a supervised learning task: one can use the information available in the data set
to predict the value of the attribute of interest that have not been observed yet. If
the attribute of interest is categorical, the task is called classification, while if it is
numerical, the task is called regression [15]. Breakthrough technologies, such as
deep learning, require large quantities of labelled data for training purposes, that is
data need to come with annotations, often referred to as ground truth [15].

In finance, e.g., numerous works of unsupervised and supervised learning have
been explored in the fraud detection literature [3, 11], whose goal is to identify
whether a potential fraud has occurred in a certain financial transaction. Within
this field, the well-known Credit Card Fraud Detection data set10 is often used to
compare the performance of different algorithms in identifying fraudulent behaviors
(e.g., [17, 32]). It contains 284,807 transactions of European cardholders executed
in 2 days of 2013, where only 492 of them have been marked as fraudulent, i.e.,
0.17% of the total. This small number of positive cases need to be consistently
divided into training and test sets via stratified sampling, such that both sets contain
some fraudulent transactions to allow for a fair comparison of the out-of-sample
forecasting performance. Due to the growing data volume, it is more and more
common to work with such highly unbalanced data set, where the number of positive
cases is just a small fraction of the full data set: in these cases, standard econometric
analysis might bring poor results and it could be useful investigating rebalancing

10https://www.kaggle.com/mlg-ulb/creditcardfraud.

https://www.kaggle.com/mlg-ulb/creditcardfraud
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techniques like undersampling, oversampling or a combination of the both, which
could be used to possibly improve the classification accuracy [15, 36].

2.3 Data Quality and Provenance

Data quality generally refers to whether the received data are fit for their intended
use and analysis. The basis for assessing the quality of the provided data is to have
an updated metadata section, where there is a proper description of each feature in
the analysis. It must be stressed that a large part of the data scientist’s job resides in
checking whether the data records actually correspond to the metadata descriptions.
Human errors and inconsistent or biased data could create discrepancies with respect
to what the data receiver was originally expecting. Take, for instance, the European
Datawarehouse presented in Sect. 2.1: loan-level data are reported by each financial
institution, gathered in a centralized platform and published under a common data
structure. Financial institutions are properly instructed on how to provide data;
however, various error types may occur. For example, rates could be reported as
fractions instead of percentages, and loans may be indicated as defaulted according
to a definition that varies over time and/or country-specific legislation.

Going further than standard data quality checks, data provenance aims at
collecting information on the whole data generating process, such as the software
used, the experimental steps undertaken in gathering the data or any detail of the
previous operations done on the raw input. Tracking such information allows the
data receiver to understand the source of the data, i.e., how it was collected, under
which conditions, but also how it was processed and transformed before being
stored. Moreover, should the data provider adopt a change in any of the aspect
considered by data provenance (e.g., a software update), the data receiver might
be able to detect early a structural change in the quality of the data, thus preventing
their potential misuse and analysis. This is important not only for the reproducibility
of the analysis but also for understanding the reliability of the data that can affect
outcomes in economic research. As the complexity of operations grows, with new
methods being developed quite rapidly, it becomes key to record and understand
the origin of data, which in turn can significantly influence the conclusion of the
analysis. For a recent review on the future of data provenance, we refer, among
others, to [10].

2.4 Data Integration and Sharing

Data science works with structured and unstructured data that are being generated
by a variety of sources and in different formats, and aims at integrating them
into big data repositories or Data Warehouses [43]. There exists a large number
of standardized ETL (Extraction, Transformation, and Loading) operations that
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help to identify and reorganize structural, syntactic, and semantic heterogeneity
across different data sources [31]. Structural heterogeneity refers to different data
and schema models, which require integration on the schema level. Syntactic
heterogeneity appears in the form of different data access interfaces, which need to
be reconciled. Semantic heterogeneity consists of differences in the interpretation
of data values and can be overcome by employing semantic technologies, like
graph-based knowledge bases and domain ontologies [8], which map concepts and
definitions to the data source, thus facilitating collaboration, sharing, modeling, and
reuse across applications [7].

A process of integration ultimately results in consolidation of duplicated sources
and data sets. Data integration and linking can be further enhanced by properly
exploiting information extraction algorithm,machine learning methods, and Seman-
tic Web technologies that enable context-based information interpretation [26]. For
example, authors in [12] proposed a semantic approach to generate industry-specific
lexicons from news documents collected within the Dow Jones DNA dataset,11 with
the goal of dynamically capturing, on a daily basis, the correlation between words
used in these documents and stock price fluctuations of industries of the Standard
& Poor’s 500 index. Another example is represented by the work in [37], which has
used information extracted from the Wall Street Journal to show that high levels of
pessimism in the news are relevant predictors of convergence of stock prices towards
their fundamental values.

In macroeconomics, [24] has looked at the informational content of the Federal
Reserve statements and the guidance that these statements provide about the future
evolution of monetary policy.

Given the importance of data-sharing among researchers and practitioners,
many institutions have already started working toward this goal. The European
Commission (EC) has launched numerous initiatives, such as the EU Open Data12

and the European Data13 portals directly aimed at facilitating data sharing and
interoperability.

2.5 Data Management and Infrastructures

To manage and analyze the large data volume appearing nowadays, it is necessary to
employ new infrastructures able to efficiently address the four big data dimensions
of volume, variety, veracity, and velocity. Indeed, massive data sets require to
be stored in specialized distributed computing environments that are essential for
building the data pipes that slice and aggregate this large amount of information.
Large unstructured data are stored in distributed file systems (DFS), which join

11Dow Jones DNA: https://www.dowjones.com/dna/.
12EU Open Data Portal: https://data.europa.eu/euodp/en/home/.
13European Data Portal: https://www.europeandataportal.eu/en/homepage.

https://www.dowjones.com/dna/
https://data.europa.eu/euodp/en/home/
https://www.europeandataportal.eu/en/homepage
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together many computational machines (nodes) over a network [36]. Data are
broken into blocks and stored on different nodes, such that the DFS allows to
work with partitioned data, that otherwise would become too big to be stored and
analyzed on a single computer. Frameworks that heavily use DFS include Apache
Hadoop14 and Amazon S3,15 the backbone of storage on AWS. There are a variety
of platforms for wrangling and analyzing distributed data, the most prominent of
which perhaps is Apache Spark.16 When working with big data, one should use
specialized algorithms that avoid having all of the data in a computer’s working
memory at a single time [36]. For instance, the MapReduce17 framework consists
of a series of algorithms that can prepare and group data into relatively small chunks
(Map) before performing an analysis on each chunk (Reduce). Other popular DFS
platforms today are MongoDB,18 Apache Cassandra,19 and ElasticSearch,20 just to
name a few. As an example in economics, the authors of [38] presented a NO-SQL
infrastructure based on ElasticSearch to store and interact with the huge amount
of news data contained in the Global Database of Events, Language and Tone
(GDELT),21 consisting of more than 8 TB of textual information from around 500
million news articles worldwide since 2015. The authors showed an application
exploiting GDELT to construct news-based financial sentiment measures capturing
investor’s opinions for three European countries: Italy, Spain, and France [38].

Even though many of these big data platforms offer proper solutions to busi-
nesses and institutions to deal with the increasing amount of data and information
available, numerous relevant applications have not been designed to be dynamically
scalable, to enable distributed computation, to work with nontraditional databases,
or to interoperate with infrastructures. Existing cloud infrastructures will have to
massively invest in solutions designed to offer dynamic scalability, infrastructures
interoperability, and massive parallel computing in order to effectively enable
reliable execution of, e.g., machine learning algorithms and AI techniques. Among
other actions, the importance of cloud computing was recently highlighted by the
EC through its European Cloud Initiative,22 which led to the birth of the European
Open Science Cloud,23 a trusted open environment for the scientific community for

14Apache Hadoop: https://hadoop.apache.org/.
15Amazon AWS S3: https://aws.amazon.com/s3/.
16Apache Spark: https://spark.apache.org/.
17https://hadoop.apache.org/docs/r1.2.1/mapred_tutorial.html.
18MongoDB: https://www.mongodb.com/.
19Apache Cassandra: https://cassandra.apache.org/.
20ElasticSearch: https://www.elastic.co/.
21GDELT website: https://blog.gdeltproject.org/.
22European Cloud Initiative: https://ec.europa.eu/digital-single-market/en/%20european-cloud-
initiative.
23European Open Science Cloud: https://ec.europa.eu/research/openscience/index.cfm?pg=open-
science-cloud.

https://hadoop.apache.org/
https://aws.amazon.com/s3/
https://spark.apache.org/
https://hadoop.apache.org/docs/r1.2.1/mapred_tutorial.html
https://www.mongodb.com/
https://cassandra.apache.org/
https://www.elastic.co/
https://blog.gdeltproject.org/
https://ec.europa.eu/digital-single-market/en/%20european-cloud-initiative
https://ec.europa.eu/digital-single-market/en/%20european-cloud-initiative
https://ec.europa.eu/research/openscience/index.cfm?pg=open-science-cloud
https://ec.europa.eu/research/openscience/index.cfm?pg=open-science-cloud
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storing, sharing, and reusing scientific data and results, and of the European Data
Infrastructure,24, which targets the construction of an EU super-computing capacity.

3 Data Analytics Methods

Traditional nowcasting and forecasting economic models are not dynamically
scalable to manage and maintain big data structures, including raw logs of user
actions, natural text from communications, images, videos, and sensors data. This
high volume of data is arriving in inherently complex high-dimensional formats, and
their use for economic analysis requires new tool sets [36]. Traditional techniques, in
fact, do not scale well when the data dimensions are big or growing fast. Relatively
simple tasks such as data visualization, model fitting, and performance checks
become hard. Classical hypothesis testing aimed to check the importance of a
variable in a model (T-test), or to select one model across different alternatives
(F-test), have to be used with caution in a big data environment [26, 30]. In this
complicated setting, it is not possible to rely on precise guarantees upon stan-
dard low-dimensional strategies, visualization approaches, and model specification
diagnostics [36, 26]. In these contexts, social scientists can benefit from using
data science techniques and in recent years the efforts to make those applications
accepted within the economicmodeling space have increased exponentially. A focal
point consists in opening up the black-box machine learning solutions and building
interpretable models [22]. Indeed, data science algorithms are useless for policy-
making when, although easily scalable and highly performing, they turn out to
be hardly comprehensible. Good data science applied to economics and finance
requires a balance across these dimensions and typically involves a mix of domain
knowledge and analysis tools in order to reach the level of model performance,
interpretability, and automation required by the stakeholders. Therefore, it is good
practice for economists to figure out what can be modeled as a prediction task
and reserving statistical and economic efforts for the tough structural questions.
In the following, we provide an high-level overview of maybe the two most popular
families of data science technologies used today in economics and finance.

3.1 Deep Machine Learning

Despite long-established machine learning technologies, like Support Vector
Machines, Decision Trees, Random Forests, and Gradient Boosting have shown
high potential to solve a number of data mining (e.g., classification, regression)
problems around organizations, governments, and individuals. Nowadays the

24European Data Infrastructure: https://www.eudat.eu/.

https://www.eudat.eu/
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technology that has obtained the largest success among both researchers and
practitioners is deep learning [29]. Deep learning is a general-purpose machine
learning technology, which typically refers to a set of machine learning algorithms
based on learning data representations (capturing highly nonlinear relationships
of low level unstructured input data to form high-level concepts). Deep learning
approaches made a real breakthrough in the performance of several tasks in the
various domains in which traditional machine learning methods were struggling,
such as speech recognition, machine translation, and computer vision (object
recognition). The advantage of deep learning algorithms is their capability to
analyze very complex data, such as images, videos, text, and other unstructured
data.

Deep hierarchical models are Artificial Neural Networks (ANNs) with deep
structures and related approaches, such as Deep Restricted Boltzmann Machines,
Deep Belief Networks, and Deep Convolutional Neural Networks. ANN are compu-
tational tools that may be viewed as being inspired by how the brain functions and
applying this framework to construct mathematical models [30]. Neural networks
estimate functions of arbitrary complexity using given data. Supervised Neural
Networks are used to represent a mapping from an input vector onto an output
vector. Unsupervised Neural Networks are used instead to classify the data without
prior knowledge of the classes involved. In essence, Neural Networks can be
viewed as generalized regression models that have the ability to model data of
arbitrary complexities [30]. The most commonANN architectures are the multilayer
perceptron (MLP) and the radial basis function (RBF). In practice, sequences of
ANN layers in cascade form a deep learning framework. The current success of
deep learning methods is enabled by advances in algorithms and high-performance
computing technology, which allow analyzing the large data sets that have now
become available. One example is represented by robot-advisor tools that currently
make use of deep learning technologies to improve their accuracy [19]. They
perform stock market forecasting by either solving a regression problem or by
mapping it into a classification problem and forecast whether the market will go
up or down.

There is also a vast literature on the use of deep learning in the context of
time series forecasting [29, 6, 27, 5]. Although it is fairly straightforward to use
classic MLP ANN on large data sets, its use on medium-sized time series is more
difficult due to the high risk of overfitting. Classical MLPs can be adapted to address
the sequential nature of the data by treating time as an explicit part of the input.
However, such an approach has some inherent difficulties, namely, the inability
to process sequences of varying lengths and to detect time-invariant patterns in
the data. A more direct approach is to use recurrent connections that connect the
neural networks’ hidden units back to themselves with a time delay. This is the
principle at the base of Recurrent Neural Networks (RNNs) [29] and, in particular,
of Long Short-TermMemory Networks (LSTMs) [25], which are ANNs specifically
designed to handle sequential data that arise in applications such as time series,
natural language processing, and speech recognition [34].
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In finance, deep learning has been already exploited, e.g., for stock market
analysis and prediction (see e.g. [13] for a review). Another proven ANNs approach
for financial time-series forecasting is the Dilated Convolutional Neural Network
presented in [9], wherein the underlying architecture comes from DeepMind’s
WaveNet project [41]. The work in [5] exploits an ensemble of ConvolutionalNeural
Networks, trained over Gramian Angular Fields images generated from time series
related to the Standard & Poor’s 500 Future index, where the aim is the prediction
of the future trend of the US market.

Next to deep learning, reinforcement learning has gained popularity in recent
years: it is based on a paradigm of learning by trial and error, solely from rewards
or punishments. It was successfully applied in breakthrough innovations, such as
the AlphaGo system25 of Deep Mind that won the Go game against the best human
player. It can also be applied in the economic domain, e.g., to dynamically optimize
portfolios [23] or for financial assert trading [18]. All these advanced machine
learning systems can be used to learn and relate information frommultiple economic
sources and identify hidden correlations not visible when considering only one
source of data. For instance, combining features from images (e.g., satellites) and
text (e.g., social media) can yield to improve economic forecasting.

Developing a complete deep learning or reinforcement learning pipeline, includ-
ing tasks of great importance like processing of data, interpretation, framework
design, and parameters tuning, is far more of an art (or a skill learnt from experience)
than an exact science. However the job is facilitated by the programming languages
used to develop such pipelines, e.g., R, Scala, and Python, that provide great work
spaces for many data science applications, especially those involving unstructured
data. These programming languages are progressing to higher levels, meaning
that it is now possible with short and intuitive instructions to automatically solve
some fastidious and complicated programming issues, e.g., memory allocation,
data partitioning, and parameters optimization. For example, the currently popular
Gluon library26 wraps (i.e., provides higher-level functionality around) MXNet,27

a deep learning framework that makes it easier and faster to build deep neural
networks. MXNet itself wraps C++, the fast and memory-efficient code that is
actually compiled for execution. Similarly, Keras,28 another widely used library,
is an extension of Python that wraps together a number of other deep learning
frameworks, such as Google’s TensorFlow.29 These and future tools are creating
a world of user friendly interfaces for faster and simplified (deep) machine learning
[36].

25Deep Mind AlphaGo system: https://deepmind.com/research/case-studies/alphago-the-story-
so-far.
26Gluon: https://gluon.mxnet.io/.
27Apache MXNet: https://mxnet.apache.org/.
28Keras: https://keras.io/.
29TensorFlow: https://www.tensorflow.org/.

https://deepmind.com/research/case-studies/alphago-the-story-so-far
https://deepmind.com/research/case-studies/alphago-the-story-so-far
https://gluon.mxnet.io/
https://mxnet.apache.org/
https://keras.io/
https://www.tensorflow.org/
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3.2 Semantic Web Technologies

From the perspectives of data content processing and mining, textual data belongs
to the so-called unstructured data. Learning from this type of complex data can
yield more concise, semantically rich, descriptive patterns in the data, which better
reflect their intrinsic properties. Technologies such as those from the Semantic Web,
including Natural Language Processing (NLP) and Information Retrieval, have
been created for facilitating easy access to a wealth of textual information. The
Semantic Web, often referred to as “Web 3.0,” is a system that enables machines to
“understand” and respond to complex human requests based on their meaning. Such
an “understanding” requires that the relevant information sources be semantically
structured [7]. Linked Open Data (LOD) has gained significant momentum over the
past years as a best practice of promoting the sharing and publication of structured
data on the Semantic Web [8], by providing a formal description of concepts, terms,
and relationships within a given knowledge domain, and by using UniformResource
Identifiers (URIs), Resource Description Framework (RDF), and Web Ontology
Language (OWL), whose standards are under the care of the W3C.

LOD offers the possibility of using data across different domains for purposes
like statistics, analysis, maps, and publications. By linking this knowledge, interre-
lations and associations can be inferred and new conclusions drawn. RDF/OWL
allows for the creation of triples about anything on the Semantic Web: the
decentralized data space of all the triples is growing at an amazing rate since more
and more data sources are being published as semantic data. But the size of the
Semantic Web is not the only parameter of its increasing complexity. Its distributed
and dynamic character, along with the coherence issues across data sources, and the
interplay between the data sources by means of reasoning, contribute to turning the
Semantic Web into a complex, big system [7, 8].

One of the most popular technology used to tackle different tasks within the
Semantic Web is represented by NLP, often referred to with synonyms like text
mining, text analytics, or knowledge discovery from text. NLP is a broad term
referring to technologies and methods in computational linguistics for the automatic
detection and analysis of relevant information in unstructured textual content (free
text). There has been significant breakthrough in NLP with the introduction of
advanced machine learning technologies (in particular deep learning) and statistical
methods for major text analytics tasks like: linguistic analysis, named entity
recognition, co-reference resolution, relations extraction, and opinion and sentiment
analysis [15].

In economics, NLP tools have been adapted and further developed for extracting
relevant concepts, sentiments, and emotions from social media and news (see,
e.g., [37, 24, 14, 4], among others). These technologies applied in the economic
context facilitate data integration from multiple heterogeneous sources, enable the
development of information filtering systems, and support knowledge discovery
tasks.
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4 Conclusions

In this chapter we have introduced the topic of data science applied to economic
and financial modeling. Challenges like economic data handling, quality, quantity,
protection, and integration have been presented as well as the major big data man-
agement infrastructures and data analytics approaches for prediction, interpretation,
mining, and knowledge discovery tasks. We summarized some common big data
problems in economic modeling and relevant data science methods.

There is clear need and high potential to develop data science approaches that
allow for humans and machines to cooperate more closely to get improved models
in economics and finance. These technologies can handle, analyze, and exploit
the set of very diverse, interlinked, and complex data that already exist in the
economic universe to improve models and forecasting quality, in terms of guarantee
on the trustworthiness of information, a focus on generating actionable advice, and
improving the interactivity of data processing and analytics.
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