Big Data in Social and Economic Analyses

Abstract

The passage highlights the challenges
posed by the ever-increasing volume and variety
of data generated from day-to-day business
operations, along with the integration of social
data, which traditional statistical approaches
struggle to handle due to their development
before the internet era. To address this,
academics and researchers have been developing
advanced and complex analytics techniques that
can provide valuable insights for the commercial
sector. The chapter focuses on the fundamental
characteristics that form the foundation of social
big data analytics (SBD) and presents a
framework for predictive analytics within this
context.

Predictive analytics is particularly emphasized
as a crucial component of SBD, as it enables
businesses to make informed decisions and
predictions based on data patterns and trends.
The framework for SBD predictive analytics
likely includes various methodologies, tools, and
algorithms that aid in making accurate
predictions and extracting meaningful insights
from the vast amount of social data.

Additionally, the chapter likely discusses
various predictive analytical algorithms, their
implementation in essential applications, and the
use of top-tier tools and APIs to facilitate the
analysis of social data. These algorithms and
tools help businesses extract valuable
information from social big data, leading to
better decision-making and strategic planning.

To reinforce the significance and practicality of
predictive analytics in the context of SBD, the
chapter might present experiments and case
studies. These experiments showcase real-world
applications and demonstrate how predictive
analytics can be leveraged effectively to gain

insights from social data and drive meaningful
business outcomes.

Overall, the chapter aims to shed light on the
importance of predictive analytics in handling
social big data, showcasing its potential benefits
and how it can be practically applied to solve
real-world problems and improve business
operations.
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l. INTRODUCTION

The socio-economic system is a paradigm which can be defined as complex because behavior
change of free agents can result in other individuals and organizations experiencing chaotic dynamics,
non-linear interactions and other cascading effects. To embrace sustainability in such a paradigm requires
the adoption of emerging technologies that can lead to the next quantum leap including the big data
platform. Big data provides us with a stream of new and digitized data exploring the interactions between
individuals, companies and other organizations. However, to understand the underlying behavior of social
and economic agents, organizations and researchers must manage large quantities of unstructured and
heterogeneous data. To succeed in this undertaking requires careful planning and organization of the
entire process of data analysis, taking into account the particularities of social and economic analyses
such as the wide variety of heterogeneous sources of information and the existence of strict governance

policy.

In recent years, many tools for both qualitative and quantitative models have been developed to
describe and better understand complex systems. These tools include stochastic and dynamic systems,
multivariate statistics, network models, social network analysis, inference and stochastic processes, fuzzy
theory, relational calculus, partial order theory, multi-criteria decision methods and other tools which
have been widely used to address problems in socio-economic systems. Traditional quantitative methods
for acquiring socioeconomic data are limited in their ability to examine the complexities of socio-
economic systems. Therefore, big data collected from satellites, mobile phones, and social media, among
other data sources, allow researchers to build on and sometimes replace traditional methods providing

greater frequency and timeliness, accuracy and objectiveness as well as defining sustainable models.
1. Socio-Economic Indicators

The importance of understanding and predicting the volatility of socio-economic indicators,
particularly in developing nations. You highlight the negative impact of volatility on economic health,
such as the drain on national coffers and the exacerbation of poverty. You also mention that commodity
exports play a significant role in the revenue of certain countries, and fluctuations in commodity prices
can have devastating effects. Additionally, you note that currency exchange rate instability can affect the

cost of commodities.

To better comprehend and anticipate the volatility of socio-economic indicators, economists and
computational scholars have employed various approaches. Economists often rely on established

economic models to analyze and predict these variables. On the other hand, computational scholars have



turned to computational modeling tools, particularly when examining structured time series data.One
significant advancement in recent years has been the explosion of unstructured data streams on the
internet, which provides a wealth of information for understanding economic and social shifts.
Additionally, the development of cutting-edge computational linguistics algorithms has further enhanced
the ability to analyze this unstructured data. These algorithms can automatically infer events, create

knowledge graphs, and forecast outcomes based on unstructured news streams.

Overall, the integration of big data analytics algorithms with unstructured data sources holds
promise for improving our understanding of socio-economic volatility and facilitating more accurate
predictions in the field. In our chapter, our aim to address the challenge of dealing with unorganized text
data on the web by mining relevant information and providing a concise and accurate depiction of the
collected data. By extracting data from these texts, you propose a new approach that focuses on events as
a lower dimensional representation of the information reported in web papers. Viewing events as discrete

data points allows for a more precise representation of the occurrences taking place globally.

In our chapter also emphasizes the importance of understanding the connections between these
events. By analyzing the context of time and space, hidden connections among events become apparent.
To uncover these connections, you introduce a method for constructing knowledge graphs, which visually

illustrate the relationships between various events.

Furthermore, in conjunction with observed time-series data of socio-economic indicators, you
utilize the lower-dimensional representation of web text (events) and the latent relationships between
them (knowledge graphs) to gain insights into the factors driving these indicators. By understanding the
types of events that influence these phenomena, you aim to develop models that can analyze, describe,
and forecast shifts in socio-economic indicators. Overall, in our chapter focuses on leveraging the
structured representation of events and knowledge graphs derived from unstructured web text to enhance

the understanding and prediction of socio-economic phenomena.

In our chapter, you aim to address the challenge of dealing with unorganized text data on the web
and provide a concise and accurate representation of this vast amount of information. By mining relevant
data from these texts, you propose new approaches to depict events, which serve as a more precise and
lower-dimensional representation of the information found in web papers reporting on events and

occurrences worldwide. Each of these events can be seen as discrete data points.

By analyzing events in the context of time and space, you highlight that many hidden connections

between events become evident. To uncover these connections, you introduce a method for constructing



knowledge graphs, which visually illustrate the relationships between various events.In conjunction with
observed time-series data of socio-economic indicators, such as fluctuations in indicators, you utilize the
lower-dimensional and precise representation of events derived from web text and the latent relationships
captured in knowledge graphs. The goal is to understand the types of events driving these phenomena and

leverage them for prediction purposes.

In our Chapter compares two forms of information at a high level: structured data of various
socio-economic metrics and unstructured news feeds. Analyzing unstructured data presents challenges
due to their sheer volume, noise, and lack of consistent patterns. However, your techniques have been
developed to handle large datasets effectively and robustly, taking into account these challenges. The
information extracted from unstructured news is condensed using events, visualization frameworks, and
knowledge graphs, which can be understood by subject-matter specialists. This allows for the integration
of third-party technologies with your data and enables the creation of forecasting and analysis tools for

macroeconomic indicators.

The merging of structured and unstructured data presents additional difficulties, as these two
forms of data have distinct structures and features. In our chapter addresses the challenges associated with
efficiently and successfully combining them. Figure 1.5 provides an overview of the different condensed
forms of online news and illustrates the overall flow of the process through these components and their

interactions.

What exactly is “big data” in the context of economic applications? It can be defined as datasets
that require advanced computing hardware and/or software tools to conduct the analysis. One such tool is
distributed computing that shares the processing of a task across several machines, instead of a single
machine as typically done by economists. Examples of large datasets used in economic analysis are
administrative data (e.g. tax records for the whole population of a country), commercial datasets (e.g.
consumer panels), and textual data (e.g. such as Twitter or news data) just to mention a few. In some
cases, the datasets are structured and ready for analysis, while in other cases (e.g. text), the data is
unstructured and requires a preliminary step to extract and organize the relevant information. As
discussed in Einav and Levin (2014), economists are still in the early stages of analysing big data and are
learning from developments in other disciplines. In particular, there is renewed interest in machine
learning (ML) algorithms after the early applications of the 1990s (Kuan & White, 1994). Varian (2014)

discusses techniques that can be used to analyse large datasets.

How can big data contribute to a better understanding of the economy and to support policy? In

the highly aggregate context of macroeconomic analysis, big data offer the opportunity to bring to light



the heterogeneity in consumers and firms that is typically neglected in official statistics. The high
granularity of big datasets can be exploited to construct indicators that are better designed to explain
certain phenomena, for example, along a geographic or demographic dimension. In addition, many
economic models make assumptions about deep behavioural parameters that are difficult to estimate
without detailed datasets. An example is represented by the work of Chetty et al. (2014b) where
individual information about the school performance of a child is matched to his/her path of future
earnings derived from tax data of the Internal Revenue Service (IRS). In other situations, big data allow to
measure quantities that we could not measure until now. A field that is benefiting from these alternative
sources of data is development economics. For instance, Storeygard (2016) uses night-light satellite data
to estimate the income of sub-Saharan African cities.

Another important dimension in which big data can contribute to economic analysis is by offering
information that is not only more granular but also more frequent in the time dimension. At times when
economic conditions are rapidly changing, policy-makers need an accurate measure of the state of the
economy to design the appropriate policy response. An example is provided by the early days of the
Covid-19 pandemic in March 2020 when policy-makers felt the pressure to act in support of the economy
despite the lack of official statistics to measure the extent of the slump, as discussed by Barbaglia et al.
(2022). Many relevant economic indicators are observed infrequently, such as gross domestic product
(GDP) at the quarterly frequency and the unemployment rate and the industrial production index at the
monthly frequency. In addition, these variables are released with delays that range from a few days to
several months. For these reasons, big data have the potential to produce indicators of business conditions

that are more accurate and timely

I11.  CONCLUSION

The passage discusses the feasibility of using news articles as a data source for event extraction
and the subsequent construction of knowledge graphs to represent event relationships in different analytic
contexts. The dissertation introduces two types of event models and five strategies for building
knowledge graphs, each tailored to varying levels of detail. These knowledge graphs can serve as
valuable resources for both manual and automated analyses of news data.Event extraction involves
identifying specific events or incidents from unstructured text, such as news articles. By extracting these
events and representing their relationships through knowledge graphs, researchers and analysts can gain a

deeper understanding of the interconnectedness between different events in the news domain.



The passage also highlights the various applications of event models and knowledge graphs. One

significant application is the construction of prediction models for extraneous variables and indicators. By

leveraging the information within knowledge graphs, researchers can build predictive models that have

real-world implications. These models can help in forecasting future events, trends, or outcomes based on

the relationships between events captured in the knowledge graphs.Overall, the dissertation likely

explores the potential benefits of using news articles as a data source for event extraction and knowledge

graph construction. It emphasizes the practicality of this approach and how it can be applied to a range of

analytic contexts, enabling more informed decision-making, trend analysis, and predictive modeling in

various domains. The utilization of knowledge graphs that incorporate event relationships from news data

may prove to be a valuable tool in uncovering insights and predicting outcomes in real-world scenarios.
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