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Abstract—The computational analysis of big data has revolu-
tionized social science research, offering unprecedented insights
into societal behaviors and trends through digital data from
online sources. However, existing tools often face limitations such
as technical complexity, single-source dependency, and a narrow
range of analytical capabilities, hindering accessibility and effec-
tiveness. This article introduces DataPoll, an end-to-end big data
analysis platform designed to democratize computational social
science research. DataPoll simplifies data collection, analysis, and
visualization, making advanced analytics accessible to researchers
of diverse expertise. It supports multisource data integration,
innovative analytical features, and interactive dashboards for
exploratory and comparative analyses. By fostering collaboration
and enabling the integration of new data sources and analysis
methods, DataPoll represents a significant advancement in the
field. A comprehensive case study on the Ukrainian–Russian
conflict demonstrates its capabilities, showcasing how DataPoll
can yield actionable insights into complex social phenomena. This
tool empowers researchers to harness the potential of big data
for impactful and inclusive research.

Index Terms—Big data in social sciences, big data systems,
computational methods, computational social science, online
platforms, social computing.

I. INTRODUCTION

IN an era where people produce and consume massive
amounts of digital data on a daily basis—according to

Forbes, 2.5 quintillion bytes every day1—online media have
been established as the dominant medium through which all
political actors (i.e., politicians, journalists, and citizens) [1]
express themselves across different spectrums of policy issues.
Thus, the ability to harvest the enormous amount of data con-
stantly generated and subsequently analyze them using compu-
tational methods in order to extract latent knowledge, is rapidly
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becoming an area of great interest and importance across dif-
ferent research areas [2], including social sciences [3].

This shift towards computational methods of analysis has
been driven by a multitude of different reasons. First, the sheer
increase in the volume of data being produced from different
sources has required the use of automated quantitative methods
if the objective is to analyze more than a small subset of them
[4]. Manual methods of analysis are simply impractical and
too costly when dealing with big data. Technological advances
have also played a crucial role in making the key components
necessary for computational analysis much more accessible and
affordable, while at the same time increasing the computer
capabilities in terms of storage and processing power [5]. Fur-
thermore, analysis of massive data sets allows us to delve deeper
into phenomena at the societal level and study social behavior
from entirely new perspectives [6]. This shift has also been
enormously helped by a wide variety of new tools, techniques,
and open-source software that constantly develop and facilitate
the whole process [7]. Finally, recent advances in the field of
natural language processing/understanding [8], which allow a
far more accurate and nuanced analysis of text, have opened
unprecedented opportunities for the interpretation of human
communication using computational methods.

In addition to the above, the nature of digital data plays
a significant role in this increase, since digital data exhibit
some unique characteristics. According to Davidowitz [9], dig-
ital data “do not lie”and people tend to be more honest when
expressing themselves in an online setting, since they are not
affected by social or environmental interventions, e.g., social
desirability. They are also characterized by their pluralism and
freshness, since social actors promptly express themselves on
different issues in a timely manner.

Recognizing the valuable and unique characteristics of digital
data, along with the advances in different technologies that
facilitate their analysis, we are currently experiencing a vast
growth in social science studies that use them in an attempt to
answer various sociocultural questions. Ranging from election
forecasting [10], public opinion mining [11], [12], SDGs anal-
ysis [13] and fake news detection [14], [15], these studies show
how digital data analysis can be used to shed light on different
sociocultural phenomena.

At the same time, the emergence of computational social
science as an established field with the aim of studying society
through the application of computational methods in big data
[16] has only served to exacerbate the need for tools that take
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advantage of these developments and make the field acces-
sible to different groups of people of different expertise by
minimizing the technological skills required. Such solutions can
prove pivotal in opening exciting new avenues for social science
research.

Computational analysis of big data research applied in large
text corpora involves three major stages [17]: 1) data collection;
2) data analysis; and 3) data visualization. Each of these steps
exhibits its unique characteristics and challenges.

During data collection, one must deal with the sheer quantity,
poor quality (highly boisterous), and diversity of online data
(highly heterogeneous). Thus, online data collection often re-
quires the creation of different tools that automatically collect,
clean, and align the data collected so that they can be processed
and analyzed in a uniform way.

Following data collection, data analysis is performed, during
which a multitude of techniques are employed to extract latent
information from the acquired digital data. One of the most
common approaches used for this purpose is machine learning,
a laborious and time-consuming process that requires experts’
knowledge and experience when done from scratch. Last, in
data visualization, different representations (usually graphical)
are used, allowing researchers to interpret the results in a more
intuitive and comprehensive manner.

Despite these inherent difficulties, the techniques that fol-
lowed this pipeline proved their effectiveness on different occa-
sions, shedding light on aspects of political content analysis that
were not possible before, such as inferring policy positions [18],
predicting political orientation [19], and exploring the political
agenda [20] among others.

However, their usage revealed some additional limitations.
First and foremost, the technical expertise required to properly
implement the aforementioned pipeline is not always available,
while limitations attributed to the event-specific nature of the
proposed approaches translate into techniques that cannot be
generalized and reused (e.g., topic modeling applied on a spe-
cific corpus). Furthermore, results usually present a snapshot in
time, not offering any live observatory features and are usually
displayed using static charts (online or on paper), not fully tak-
ing advantage of Web 2.0 features and, therefore, not offering
any interactivity that will in turn facilitate exploratory analysis.

In this article, we present DataPoll, a novel interactive online
tool that aims to address the issues outlined above, enabling
interested parties to focus exclusively on addressing the “what”
(i.e., what insights should be extracted), leaving the “how”
entirely outside of the equation. By exploring innovative ideas,
intuitive web interfaces, and state-of-the-art NLU techniques,
users will be able to collect and process online data and interpret
multilayer analyses on vast amounts of information extracted
from different online sources. Whereas other projects such as
MediaCloud [21] and EventRegistry [22] focus more on au-
tomating specific steps of the pipeline (e.g., data collection), or
projects such as Penelope [23] which focus more on creating an
infrastructure and open APIs, to the best of our knowledge, this
is the first attempt to completely automate the entire pipeline
providing an “end-to-end” solution, while at the same time
increasing and improving each step in the process.

In addition to bridging the gap between social and computer
scientists in terms of the techniques that can be used for col-
lecting and analyzing Big (Digital) Data, we contribute to the
community through the following.

1) Multisource Data Analysis: DataPoll supports the trans-
parent collection and analysis of digital data from multi-
ple sources, e.g., X, YouTube, Reddit, and Web Media.

2) Exploratory Analysis: DataPoll facilitates exploratory
analysis through an intuitive and interactive all-in-one
(i.e., all individual analyses are presented) dashboard.

3) Comparative Analysis: DataPoll supports comparative
analysis, facilitating the understanding of the different
views different sites have on the same event (it will be
better demonstrated in the case study section where the
views of Ukraine and Russia regarding their conflict is
presented).

4) Community Collaboration: DataPoll allows users to ex-
tend its features and functionality by adding either new
data collections or new data analysis techniques.

In conclusion of this section, it is important to note that
although there is skepticism around plug-and-play solutions,
since it becomes harder to set up good research designs that
are tightly connected to established theories [24], we claim that
results obtained through DataPoll can provide valuable insights
for those interested in domain-specific analysis.

The article is organized as follows: We begin with an
overview of the three main components of big data analysis,
followed by a review of similar tools and related research.
Next, we describe DataPoll’s integration of these components
and present a case study on the Russian–Ukrainian conflict,
illustrating its features. We conclude with current limitations
and future development plans.

II. COMPUTATIONAL ANALYSIS OF BIG SOCIAL

SCIENCE DATA

As mentioned in the previous section, computational analysis
of big data can be divided into three main steps: 1) data col-
lection; 2) data analysis; and 3) data visualization. This section
provides background information on the most common methods
used in each of these steps.

A. Data Collection

The first step of the big data pipeline is data collection, i.e.,
obtaining data relevant to the domain under study. In this sec-
tion, we present three different techniques used for collecting
such data. Depending on the research question(s), the following
methods can either be used together or as isolated approaches.
However, in most cases, using a combination of these methods
is preferable since they complement each other.

First, online databases that contain structured information
on a particular type or topic, such as the Harvard Dataverse2

can be used. Obtaining information from such databases is

2https://dataverse.harvard.edu/
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usually straightforward, as they provide well-defined proce-
dures for doing so. In these cases, the problem of collect-
ing such data is reduced to the problem of identifying the
proper search keywords and parameters that will extract the
desired data.

The second option to be used is crawlers. In theory, this
approach is the most flexible, since crawlers can collect any in-
formation appearing on a web page. This approach requires the
building of small dedicated programs known as web scrapers.
Unfortunately, it also comes with some significant drawbacks
that prevent it from becoming the de facto approach for data
collection.

1) Dedicated scrapers must be implemented for each web
resource.

2) Constant monitoring is required for potential changes and
updates of a website’s structure.

3) Differences in structure between sections of the same
websites.

4) Data collected using crawlers do not have any inherited
structure, thus additional processing that transform them
into structured data is required.

Finally, an application programming interface (API) can be
used. A requester can collect digital data through API calls,
providing different parameters often used for data filtering, such
as timeframe, location, language, etc. The great advantage of
an API is that it facilitates data collection in a structured and
consistent manner. The limitation of this approach is the limited
coverage, since not all digital data can be extracted using APIs.
Furthermore, most API services either require a paid subscrip-
tion or introduce usage limits, e.g., the total number of requests
per day.

A formal definition of a dataset created using the three meth-
ods mentioned above can be as follows:

D = {DX, DReddit, DNewsMedia, . . .}
ESource = {e1, e2, . . . , en}

Ecombined =
⋃

Dsource∈D
Esource. (1)

Beyond the technical challenges involved in constructing a
dataset, researchers must also be aware of the various ethical
issues surrounding “human subjects”-based research, such as
user consent and privacy, and should be mindful of how they
use big data to ensure that users remain protected [25].

B. Data Analysis

In the literature, computational approaches used for analyz-
ing text are traditionally referred to as nature language pro-
cessing (NLP). In this section, we present five NLP techniques
extensively used by social scientists to extract insights from
text. These are topic classification, opinion mining, name entity
recognition, ideological scaling and network analysis.

1) Topic Classification: Topic classification is used to assign
documents to a set of categories [26] and is an extremely pop-
ular content analysis technique among political scientists [27].
Depending on whether categories are known a priori or not, two
classes of methods exist, unsupervised and supervised methods.

Unsupervised methods, by taking advantage of underlying
features of the text, tries to both estimate a set of categories and
position documents within those categories (ibid.). Oftentimes
researchers cannot have or do not want to have predefined cat-
egories and can therefore utilize these methods to adopt a more
exploratory approach and attempt to “discover” the different
topics discussed in documents.

Currently, the most popular and widely applied model for
unsupervised topic classification is latent Dirichlet allocation
(LDA). LDA is a generative probabilistic model based on the
idea that “documents are represented as random mixtures over
latent topics, where each topic is characterized by a distribution
over words” [28]. Other models built on top of the LDA archi-
tecture are also starting to gain traction among the community,
such as the correlated topic model (which tries to model cor-
relation between the occurrence of topics), the dynamic topic
model, which captures the evolution of topics over time [29],
and more prominently the structural topic model (STM) which
extends LDA by facilitating the addition of document meta-data
into the topic modeling process [30].

After classification, there is an evaluation phase during which
the researcher must manually inspect the clusters produced
(each representing a particular topic) and assign appropriate
labels to each cluster. Furthermore, the number of topics (i.e.,
clusters to be generated) must be explicitly specified as an
input to the algorithm, often resulting in repeated runs, until
the optimal number of topics is found.

Supervised machine learning refers to a set of approaches
that are trained using predefined (i.e., annotated) examples.
Although one could build their own model that is tailored
specifically to their problem at hand, since a huge amount of
training data is required to achieve an acceptable benchmark in
terms of accuracy, this solution is oftentimes out of reach for
most researchers. Alternatively, several pre-trained models are
available for use out of the box, which are usually trained on
billions of tokens and achieve better performance. One draw-
back with pre-trained models is that you obviously have no
control over the type of data used for training, which might not
necessarily be suited to your domain of interest. Thankfully,
in our domain of interest (i.e., political text), this problem is
mitigated by the fact that most models are trained on news
articles, a data type quite broad that fits different cases in social
research. In this work, some of the classification features offered
are performed by pretrained models.

2) Opinion Mining/Sentiment Analysis: Opinion mining, or
otherwise known as sentiment analysis, is “the field of study that
analyzes people’s opinions, sentiments, evaluations, attitudes,
and emotions from written language” [31]. It is applied in a
multitude of domains, such as the analysis of customer reviews
to determine customer satisfaction [32], market intelligence
[33], and movie sales prediction [34].

There are two main approaches for automatic sentiment ex-
traction. The first approach relies on a lexicon containing a
list of adjectives with their corresponding semantic orientation
values. This approach is often referred to as the “dictionary”
or “lexicon-based” approach. For any given sentence, the ad-
jectives of each word are extracted and assigned a semantic
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orientation value using the dictionary scores. Individual scores
are in turn aggregated into a single score representing the overall
sentiment of the sentence [35].

The second approach is an implementation of a text clas-
sification technique. Different pieces of text are labeled,
i.e., assigned a sentiment, which are then used by a machine
learning model as training examples for learning the underlying
representations. The generated model can classify new data into
a category (i.e., one of the labels that existed in the training
dataset). Different implementations of this approach exist, de-
rived using different datasets and different machine learning
techniques. Generally, this class of approaches outperforms
dictionary-based sentiment analysis techniques.

3) Named Entity Recognition: According to Lample et al.
[36], the most basic and useful method in NLP is to identify
and classify some types of information elements, called named
entities. Named entities may belong to one or more predefined
semantic types such as person, location, organization, etc. The
general goal of this process is to help highlight the fundamental
concepts and references in the text and can act as a standalone
tool or be part of applications, such as question answering
[37] and automatic text summarization [38]. The three main
approaches used to solve NER problems are: 1) rule-based
approaches, which rely on handcrafted rules and do not need
annotated data; 2) unsupervised learning approaches, which
utilize unsupervised algorithms such as clustering to extract
entities from clustered groups; and 3) supervised learning ap-
proaches which require annotated data and treat the problem as
one of multiclass classification [39].

4) Ideological Scaling: Scaling models are used for the
purpose of estimating the positions of political actors on a latent
dimension [4] by using word co-occurrences between texts.
Wordscores is a supervised scaling method that requires the
selection of reference texts to explicitly define these political
positions and uses a similarity score (based on the distribution
of words) between these reference texts and new ones to es-
timate their position [40]. Wordscores is greatly dependent on
the reference texts selected, which must contain a substantial
amount of ideological speech that also express a position using
substantially different vocabulary. Wordfish, on the other hand,
is an unsupervised scaling technique that assumes a Poisson
distribution of word frequencies, and unlike Wordscores, it does
not need any anchoring documents to perform the analysis [41].
As has already been implied, evaluation is critical when scaling
algorithms are applied in order to confirm that the ideological
space has been identified [27].

5) Social Network Analysis: Social network analysis
(SNA), according to Scott and Carrington [42], “is (a) a method
to analyze the volume and patterns of social relations linking
individual actors to each other, and (b) a way of theorizing the
social structure and its effects on behavior”. SNA is commonly
performed using graph theory, a mathematical approach for
studying networks of different kinds. Based on this theory, a
social network can be described as a graph composed of a set of
nodes (or vertices) that represent social entities or objects, and
a set of edges (or lines) connecting vertices that represent the
social relations between them [43]. Depending on the type of

edge, a graph can either be directed or undirected. For example,
on X, user A can follow user B, but user B might not necessarily
follow user A. This is a case of a directed relationship between
two nodes. Whereas on Facebook, if user A is friends with user
B, then automatically user B is also friends with user A. This
is a case of an undirected relationship between the two nodes.
Furthermore, several graph algorithms are utilized for SNA. For
example, centrality is a common approach used to assess the
relevance, or structural importance, of a node in the network
[44], consisting of different metrics, such as degree, closeness,
and betweenness centrality.

Another major area of interest when analyzing social net-
works is community detection, since certain types of networks
can predict community membership, for example, political ori-
entation [45]. More formally, community detection is concerned
with dividing a graph into clusters (i.e., groups of nodes), based
on the notion that nodes belonging to the same cluster have
some sort of relationship, that is, a more dense connection
within clusters than between clusters [44]. To address this
problem, several algorithms have been developed, such as the
Girvan–Newman algorithm, a hierarchical method that progres-
sively removes “weak” edges from smaller connected compo-
nents [46], and the Louvain algorithm, a heuristic method based
on modularity optimization [47]. A basic modulariy function is
defined as

Q=
1

4m

∑

ij

(
Aij −

kikj
2m

)
sisj =

1
4m

sTBs (2)

where m is the total number of edges, Aij is the adjacency
matrix, ki and kj are the degrees of nodes i and j, si and sj are
elements of the vector s that denotes community membership.

In the literature, there are examples of using this approach
for topic modeling, as each community generated can be con-
sidered a topic [48], [49].

C. Data Visualization

Data visualization refers to a set of tools that can be used to
visualize data graphically. Although there are different defini-
tions and categories of data visualization tools in the literature,
in this work we use the Iliinsky and Steele definition. According
to Iliinsky and Steele [50], there are two categories of data vi-
sualization: explanation and exploration, each having different
capabilities and serving different purposes.

Explanatory data visualization is used for the visual represen-
tation of a deterministic story that someone wants to visually
explain to others, for example, a static pie chart showing gender
distribution. Generally, these types of visualization are created
using a programming language like Python and R.

On the other hand, exploratory data visualization is used
when one wants to experiment with the data in order to extract
some insights that cannot be identified a priori. In contrast
with explanatory data visualization, this is a non-deterministic
approach that allows users to follow any path they want in order
to experiment and better understand the data; this is why it can
be considered as part of the data analysis phase. Exploratory
analysis is achieved using an interactive visual tool, in most
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cases through an interactive webpage. Tools that can be used
for exploratory analysis are Tableau, Google Data Studio, and
Kibana, among others.

Finally, it is worth noting that one can also find and use hybrid
solutions, such as Shiny R. These hybrid solutions allow for
some minimal interaction and exploration of the data. However,
any changes in data might require a recompilation of the code.

III. RELATED WORK

In recent years, there has been a growing interest in applying
computational methods for large-scale digital data analysis.
This trend is especially evident in the field of computational
social science [51], where numerous studies in political and
social science leverage text analysis techniques on big data
to uncover patterns of individual and group behavior. Below,
we provide an overview of these studies, highlighting both
their increasing prevalence and the need for tools that support
researchers in conducting such analyses.

One category of research focuses on stand-alone techniques
like sentiment analysis and topic modeling. For instance, Roy
et al. [52] developed a machine learning approach using long
short-term memory (LSTM) networks to detect hateful senti-
ment in tweets, demonstrating superior accuracy over similar
models. Proksch et al. [53] introduced a multilingual sentiment-
based method that employs automated dictionary translations
to measure legislative conflict, significantly reducing research
costs and enabling comparative legislative analysis. Similarly,
Cochrane et al. [54] found that sentiment dictionaries based on
word embeddings outperformed other methods for analyzing
emotions in political speeches.

In the realm of topic modeling, Hemphill and Schöpke-
Gonzalez [55] used LDA to effectively distinguish topics in
political tweets, offering a cost-effective approach for studying
political communication. Triga et al. [56], [57] utilized STM
to analyze media coverage during the 2018 and 2023 Cyprus
presidential elections, while George et al. [58] proposed a hy-
brid framework combining BERT and LDA to enhance topic
modeling applications by preserving semantic information.

Other studies explore the combination of multiple compu-
tational methods. Walter and Ophir [59] used a novel com-
putational method combining topic modeling and semantic
networks for framing news coverage and electoral success.
Kligler-Vilenchik et al. [60] used network analysis, topic mod-
eling, and qualitative analysis to investigate discourses sur-
rounding election mobilization on multilingual X data. Hu and
Kearney [61] applied machine learning and computational text
analysis to study gender discrepancies in political discourse,
while Zehring et al. [62] analyzed key topics within a Telegram
network related to COVID-19 protests in Germany using net-
work analysis and STM.

Large language models (LLMs) represent another cutting-
edge development in the application of computational methods
to social science. Ziems et al. [63] evaluated the zero-shot
capabilities of 13 open-source and proprietary LLMs across an
extensive suite of 25 representative English CSS benchmarks.
After a rigorous and thorough experimentation process, the

authors conclude that “LLMs can augment but not entirely
replace the traditional CSS research pipeline.” These models
certainly have the potential to reshape the field by automating
complex tasks at unprecedented scales, complementing tradi-
tional methods.

Computational methods are advancing the speed and breadth
of discovery in social research [64]. This study aims to con-
tribute by introducing a novel tool that enhances accessibility
to these methods through well-defined, reusable workflows.

A. Online Databases and Platforms

In this section, we present five platforms that share some
pipeline functionalities with DataPoll. These are: 1) media
cloud; 2) event registry; 3) GDELT; 4) LexisNexis; and
5) Penelope.

Media cloud is an “open-source data corpus and suite of web-
based analytics tools” that offers rich datasets around specific
queries or topics, available through both an online interface and
an open API [21]. Media Cloud primarily focuses on data re-
trieval, covering various sources organized by themes or source
types.

Event registry [22], another popular platform, provides ac-
cess to articles and events via both a web app and API. Un-
like media cloud, event registry goes beyond data retrieval by
offering text analytics services such as sentiment detection,
categorization, and semantic similarity, making it a more com-
prehensive tool for content analysis.

GDELT [65] is a large-scale event database featuring over
200 million geolocated events dating back to 1979. GDELT
provides web-based tools and an API, emphasizing metadata
assignment (e.g., location, language, and tone). While media
cloud and event registry focus on thematic areas and sentiment,
GDELT excels in long-term, global event data and geospatial
analysis.

LexisNexis [66], a proprietary database, offers a curated se-
lection of formal media outlets, with content licensed directly
from publishers. Unlike the open-source platforms, LexisNexis
is tailored for academic research, covering 200 countries in 37
languages over the past 45 years, though it lacks the flexibility
of tools like Media Cloud and Penelope.

Last, Penelope [23] is open-source and specializes in study-
ing cultural or societal conflicts using social media data. Un-
like media cloud and event registry, which provide ready-to-
use tools, Penelope requires users to develop observatories,
demanding programming skills for retrieving and visualizing
results. This makes it highly customizable but limited in scope
and more technically demanding.

It is worth noting that some of these tools are already inte-
grated into DataPoll via their APIs, reflecting our effort to apply
analysis across diverse resources.

The primary focus of the tools and platforms discussed above
is broad coverage of various online news media and blogs,
with some also offering analytical capabilities. In this work, we
introduce a new computational suite, which we believe is better
suited for social science research. Rather than wide source
coverage, DataPoll emphasizes targeted, cross-platform media
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Fig. 1. DataPoll’s architecture.

coverage and provides in-depth analysis using a range of com-
putational techniques, along with exploratory and comparative
analysis through an interactive dashboard.

IV. DATAPOLL

This work proposes DataPoll, a tool that aims to simplify,
unify, and extend the best practices currently used in Computa-
tional Social Sciences. In this section, we first provide a detailed
explanation of its features for each of the three major stages in
big data research: a) data collection; b) data analysis; and c) data
visualization. Then we present DataPoll’s its implementation
and deployment strategies adopted. An example demonstrating
in practice all the features described here is presented in the
next section.

A. Architecture

The DataPoll architecture (Fig. 1) consists of two overarch-
ing modules: the front-end and the back-end, each containing
several submodules that work together to deliver the platform’s
comprehensive functionalities.

The front-end of DataPoll is built using Angular, a robust
framework known for creating dynamic and responsive web
applications. It serves as the entry point for all the major func-
tionalities available in DataPoll through an intuitive and user-
friendly interface. Users can create collection jobs, perform
analysis tasks, and interact with the visualization dashboard,
built using ECharts.js [67]. This ensures that users can effi-
ciently navigate and utilize various functionalities such as data
filtering and comparative analysis, among other features.

The back-end consists of three main components. The web
server, developed using Node.js, is responsible for handling API
requests from the front-end, delegating them to one of the other
two components of the back-end. It performs necessary actions
such as CRUD operations on the database and initiating Python
shell processes for data collection and analysis. These processes
(e.g., data collection, data analysis, etc.) are executed using

dedicated Python scripts running on the background. Python
was chosen because of its extensive ecosystem and a rich array
of libraries suited for these tasks and especially for NLP. Last,
the database is built using MongoDB, a NoSQL database that
synergizes well with the rest of the technologies due to its
JSON-like document structure.

Since DataPoll follows a microservice pattern, we are able
to containerize each microservice using Docker [68] and or-
chestrate our system with Kubernetes [69], which dynamically
scales our services based on CPU and memory usage usage.
We utilize Kubernetes’ horizontal pod autoscaler to automat-
ically adjust the number of running instances of each service
in response to varying load. For memory management, we set
resource limits and requests for each container, allowing Ku-
bernetes to efficiently allocate resources and prevent any single
service from consuming excessive memory. Last, we implement
caching strategies (e.g., Redis) to store frequently accessed data
and reduce computational overhead.

Regarding data safety, we use daily backups using a back-
ground script that runs daily to backup the database to a sec-
ondary server. We can consider improving this method using
techniques similar to those described in [70].

B. Data Collection

When it comes to data collection, one of our core objectives
is to give researchers the ability to collect data from a multi-
tude of online sources. This emerges from the fact that each
online source has its own characteristics, influencing what and
how topics are discussed and propagated [71], [72]. Having
the capacity to collect data from multiple sources will allow
researchers to build a more diverse and complete dataset, lead-
ing to a broader and deeper understanding of the sociocultural
phenomena they investigate.

Online data sources can be split into two main categories;
those that offer a programmatic interface for querying and
collecting data, i.e., an API, and those that do not offer such

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: Cyprus University of Technology. Downloaded on January 16,2025 at 11:04:16 UTC from IEEE Xplore.  Restrictions apply. 



CHARALAMPOUS et al.: DATAPOLL: A TOOL FACILITATING BIG DATA RESEARCH IN SOCIAL SCIENCES 7

features, e.g., online news media. Generally, the integration of
APIs into DataPoll is simple. Furthermore, credentials required
to grant access to an API can be provided to the system and
are subsequently encrypted for obvious safety reasons. For
traditional news media sources that do not offer APIs, such
as online newspapers, a per-case approach must be adopted
through dedicated crawlers. End users can create new crawlers
using a simple and intuitive web interface for any website they
want to crawl.

APIs already integrated in DataPoll include Twtter, YouTube,
Reddit and EventRegistry. Furthermore, more than 60 pre-
configured news media crawlers are already provided and can
be used to scrape popular newspaper websites such as BBC,
The Guardian and Daily Maiil. These have been implemented
using our own Webmedia module, built on top of the Scrapy
Python library. Through this module, users can also create their
own crawlers, eliminating a lot of the boilerplate and offering
additional features such as content filtering and automatic gen-
eration of CSS selectors.

1) Data Tagging: Tags represent a powerful way to group
collections together. A tag can be assigned to multiple col-
lections and a collection can have multiple tags. These two
permutations allow for great flexibility in creating and adjusting
dataset clusters that can be subsequently treated as a single
entity for the next stage of analysis. For example, data regarding
the same topic but originating from two different sources can be
assigned the same tag in order to designate thematic similarity
and group them together.

2) Live Data Monitoring: As mentioned previously, the
initial idea of this work was to provide live monitoring of online
text, including social networks and news media. Due to the ever-
changing nature of online data with new content constantly be-
ing generated, it is of paramount importance to perform regular
updates and/or augmentations of the data collected.

With this in mind, DataPoll has been designed to facilitate
regular and timely collection of data, thus ensuring that the
datasets remain up-to-date. This is achieved through the im-
plementation of cron-like schedulers that allow users to set up
automated data collection jobs at fixed intervals (e.g., every
2 h, every two days). This feature ensures that researchers can
continuously monitor live data streams and capture the most
recent information relevant to their studies.

Some of the challenges associated with this process, such as
efficient management of large-scale data streams and balancing
the computational load to avoid system overloads are handled
by the architecture, described in Section IV-A.

3) Data Privacy: DataPoll is committed to ensuring data
privacy and adhering to ethical standards, particularly given
the sensitive nature of social data. Although the platform al-
lows users to upload their own custom datasets, it is important
to note that it is not possible for DataPoll to ensure that all
user-uploaded data comply with the required privacy standards.
However, DataPoll takes significant measures to protect privacy
within the platform. Sensitive information that could poten-
tially identify individuals is not visible in any of the platform’s
modules, including collection, analysis, and visualization. The
charts and visualizations generated by DataPoll present only

aggregated results, further safeguarding individual privacy.
These measures underscore DataPoll’s commitment to ethical
data handling and privacy protection.

4) Other Features:
a) Preprocessing: Preprocessing is an important step

prior to data analysis with the ability to significantly influence
analysis results [73]. Therefore, researchers must be aware of
the potential impact of their choices. Currently, users can ap-
ply several common preprocessing techniques before analyzing
their data. These techniques include: 1) lemmatization; 2) stop-
word removal; 3) lowering; 4) stemming; and 5) removal of
punctuation, numbers, URLs, etc.

b) Translation: Since most machine learning models are
trained in a specific set of languages (with by far the most
dominant one being English), it is often preferable, more ef-
ficient, and more effective to translate the data to one of the
supported languages instead of training a classifier from scratch.
With that in mind, the tool offers the option of translating text
into a different language. This is implemented using the Google
translate API; thus, it supports the translation from and to any
language supported by Google translate.

c) Custom data upload: Users can easily upload their
own data to DataPoll from a CSV or JSON file. Once uploaded,
the data will be treated by the system as any other data collec-
tion. This allows the application of any feature of the tool on
the uploaded dataset, e.g., translation, sentiment analysis, etc.

C. Data Analysis

During this stage, users can apply one or more text analysis
techniques to any of their available dataset clusters. DataPoll
supports a variety of techniques, including machine learning
and advanced statistical models. The platform currently in-
tegrates both open-source (e.g., DistilBERT) and proprietary
models (e.g. IBM Watson) and implementation is facilitated
through a user-friendly interface that allows researchers to
select and configure their desired analytical methods with-
out needing extensive programming knowledge. Current tech-
niques implemented in DataPoll include: 1) sentiment analysis;
2) supervised and unsupervised topic classification; 3) key-
word and concept detection; 4) named entity recognition;
5) network analysis; and 6) statistical measures (e.g. tf-idf and
word frequency)

1) Community Analyzers: To create an environment promot-
ing collaboration between researchers, we provide the option
and infrastructure for users to upload their own “analyzers”
to DataPoll. The platform provides detailed instructions along
with examples on how a user can create and upload a custom
analysis module (e.g., advanced statistical models or machine
learning models, etc.). The only requirement for the uploaded
modules is to follow a specific input and output template, which
ensures compatibility and seamless integration with DataPoll’s
existing framework. By adhering to this template, researchers
can extend the platform’s capabilities with their specialized
methods. We hope that this feature will gradually lead to the
development of a rich catalog of innovative analysis techniques,
resulting in exciting new insights to be drawn from the data.
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D. Data Visualization

The final step of the pipeline is to present the derived re-
sults on an interactive dashboard. More precisely, each result
is represented as a separate graph (depending on the output
of the analysis different graphs can be selected, such as pie
charts, bar charts, word clouds, etc.) where various options
aimed at facilitating exploratory data visualization (as defined
in section data visualization) and multilayer interpretation are
made available to the user.

1) Data Manipulation and Hypothesis Testing: DataPoll
offers robust interactive features for visualizing and manipu-
lating data, which facilitate dynamic exploration and hypoth-
esis testing. The first major feature, defined as incremental
filtering, allows users to filter results based on several differ-
ent conditions. Each additional condition extends all previ-
ous ones, thus creating multiple unique representations of the
same topic.

Currently, users can filter results on four different axes, out-
lined as follows.

1) Date Axis: Filter results based on a starting and ending
date, provided that a date is present on the data analyzed
(e.g., show analyses results only of documents from the
last three months).

2) Content Axis: Filter results based on whether a document
contains or does not contain a particular word or phrase
(e.g., show analyses results only of documents containing
the phrase “COVID vaccine”). This axis can have multi-
ple values.

3) Collection Axis: Filter results based on whether they be-
long to a particular collection or not (e.g., show analysis
results only of documents from the “Tweet collection”).

4) Analysis Result Axis: Filter results based on a specific
analysis value (e.g., show analyses results only of doc-
uments with a positive sentiment). This axis can have
multiple values.

By combining multiple filters on different axes (e.g., date and
collection filtering) and/or within the same axis (e.g., sentiment
analysis results and topic classification results), we hope to
create a highly interactive environment through which end-
users can: 1) view an up-to-date graphical representation of the
produced results; and 2) apply exploratory analysis.

The second major feature allows users to perform a com-
parative analysis by displaying two analysis visualizations next
to each other. As shown in the following section, we utilized
this feature to perform a comparative analysis of the rhetoric
used regarding the conflict in Ukraine between Russian and
Ukrainian outlets. Different examples of the data visualization
module are also presented.

These interactive features also support hypothesis testing by
allowing researchers to dynamically manipulate and filter the
data. For example, if a researcher hypothesizes that documents
classified as having “negative” sentiment discuss “war and
unrest” more prominently than those classified as “positive,”
they can test this hypothesis by applying the corresponding
sentiment filters and comparing the topic classification results
in the visualization dashboard. This flexibility enables users to

explore various hypotheses and gain deeper insights through
interactive and comparative data analysis.

V. CASE STUDY

This section demonstrates the capabilities of DataPoll
through a real example. We decided to use a quite prominent
topic of our days, that of the Russian–Ukrainian conflict. This
is because, in addition to being a highly polarized topic among
the two sides, it also exhibits some unique challenges related
to the ban of different Russian news media and social network
accounts. However, as shown below, DataPoll can solve this
problem using its multisource data collection capabilities. Fur-
thermore, we demonstrate the tools’ data analysis capabilities
by applying ten different analysis techniques (detailed in the
data analysis subsection under the case study section) on the
collected dataset clusters. Finally, several figures are included
depicting each stage.

A. Data Collection

We started by collecting data from three different sources,
X, Reddit, and online news media. We wanted data from each
source type to be symmetrical, i.e., generated by an authority
or group with similar power and influence; thus we selected the
sources accordingly.

For X, we selected the two accounts belonging to the Ministry
of Foreign Affairs of each country and used the User timeline
lookup endpoint to collect their latest (the API returns up to
3200 tweets), organic (i.e., without retweets) tweets.

For Reddit, we identified two subreddits of interest: r/Ukraine
and r/Russia, and proceeded to collect comments from each.
In the case of r/Ukraine, we used the official Reddit API for
subreddit search and collected the top 300 top-level comments
from the ten most popular posts published within the last month,
totaling 3000 comments.

In the case of r/Russia, we had to employ a different strategy
since Reddit had placed the subreddit in quarantine, making
data collection through the official API impossible. To over-
come this problem, we used the comment search endpoint of
the Reddit Pushshift API and collected approximately 35 000
comments posted in February (the last time point before the
subreddit was quarantined). From these, we extracted only the
top-level comments from the top 20 submissions (in terms of
the number of comments), resulting in a final dataset of 1526
comments. Fig. 2 shows an example of the DataPoll interface
for API sources, namely the X user timeline.

Finally, for the news media, we selected one news medium
from Ukraine (“Ukrinform”), and two news media from Russia
(“Sputnik” and “RT”). For “Ukrinform”, we used DataPoll’s
interface to create a custom crawler that crawled the “War”
section of the news website (Fig. 3), collecting 36 news articles.
However, applying the same technique on the two Russian
news media was impossible due to their ban in the EU. Thus,
we implemented a different strategy using the Article search
endpoint of the event registry API implemented by DataPoll,
collecting 20 articles from each source using the event registry
“Ukrainian Crisis” topic. For RT specifically, since the content
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Fig. 2. DataPoll’s interface example for API calls.

Fig. 3. DataPoll’s interface for Webmedia crawler configuration.

was in Russian, we utilized the DataPoll translation feature to
translate it to English.

After configuring each collection job, we click “START
JOB”, initiating the collection and storing of the collected data.

The last figure of this section (Fig. 4) shows DataPoll’s
page that lists all the data collected, i.e., contain the “Ukraine–
Russia” tag. In the next section, all the different collected
data will be handled and analyzed as a single unit since all

Fig. 4. Final list of collections.

Fig. 5. Datasets for Russian sources filtered using “Ukraine–Russia” and
“Russia” tags.

data are automatically aligned and harmonized during the data
collection.

For YouTube we were unfortunately unable to collect any
data, since Russian media outlets were removed from the plat-
form and we had no alternatives.

In closing this section, we should make clear that the main
purpose was not to collect massive amounts of data, but rather
to demonstrate the different capabilities of DataPoll regarding
data collection. We can, of course, collect more data by select-
ing additional social network accounts or news media sources;
however, a broader data collection process is beyond the scope
of this work.

B. Data Analysis

Continuing with the analysis stage, we decided to run two
separate analyzes, since we wanted to use comparative analysis
to compare the rhetoric used by each side regarding the con-
flict. To isolate collections belonging to Russian and Ukrainian
sources, we used the tag features offered by DataPoll as shown
in Figs. 5 and 6.

Last, we had to determine which of the 15 analyzers currently
implemented were going to be used to analyze the collected
data (the complete list of the analyzers currently implemented
is shown in Fig. 7).
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Fig. 6. Collections—Ukrainian sources. Tags used: “Ukraine–Russia” and
“Ukraine.”

Fig. 7. Final list of analyzers selected (same set of analyzers were selected
for both Russian and Ukrainian sources).

We selected the above analyzers (and not all analyzers) be-
cause we believe that those are sufficient for demonstrating both
the capabilities of DataPoll and also the simplicity of its usage
(which is the purpose and this succession), as well as getting
some inside information on the different rhetoric used by the
two sites.

After configuring each analysis job (i.e., designating the
datasets to be analyzed and the analyzers to be applied), one
should click the “START JOB” to initiate the analysis and store
the results in the database.

C. Data Visualization

This final stage involves exploring and interpreting the anal-
ysis results presented through an interactive dashboard. For
the purposes of this case study, we only present a subset
of the results generated, which were both interesting and
also exhibited some of the characteristics described in sec-
tion data visualization. The complete analysis and experi-
ment can be found on the interactive dashboard at the follow-
ing URL: https://datapoll.app/visualization. However, we must
make clear that explaining the results is beyond the scope of

Fig. 8. Russian hashtag community 1.

Fig. 9. Russian hashtag community 2.

this work. This can be the task of a social scientist using the
interactive dashboard

1) X Hashtag Communities and Network Analysis Results:
Looking at the hashtag communities for the Russian data we
can clearly see that the most important node in the largest
community is “zakharova” with a degree centrality of 0.45
(Fig. 8) while the most important node in the second largest
community is “lavrov” with a degree centrality of 0.37 (Fig. 9).

For Ukrainian data, we can observe that the most important
node in the largest community is “Ukraine” with a degree
centrality of 0.43 (Fig. 10) and similarly “standwithukraine”
in the second largest community with a degree centrality of
0.33 (Fig. 11).

These results may give an indication of the different strate-
gies employed by each country’s MFA X account. While MFA
tweets from Russia seem to place a higher emphasis on foreign
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Fig. 10. Ukrainian hashtag community 1.

Fig. 11. Ukrainian hashtag community 2.

policy, tweets from MFA Ukraine appear to focus more on
national support.

2) Sentiment Comparison Between Russian Sources: Look-
ing at the sentiment analysis of Russian resources, we can
observe a big difference in the level of polarization among
the three different sources (X, Reddit, and online newspapers).
Whereas for X (Fig. 12) the largest category is neutral with
41.6%, followed by positive with 32.8% and negative with
25.6%, for Reddit (Fig. 13), the neutral category is much
smaller at 22.8%, while the negative category is 63% (i.e.,
2.5 times larger). For news articles (Fig. 14) the contrast is
even more stark, with only 7.5% classified as neutral and 88%
classified as negative (73%) or positive (19.5%).

This could be explained by the fact that an official gov-
ernment source (such as the MFA X account) is expected to
maintain a more neutral tone, while comments on Reddit made

Fig. 12. Sentiment of Russian tweets.

Fig. 13. Sentiment Russian Reddit comments.

by the general public are more likely to contain polarizing
language. News articles, on the other hand, have the most
polarized content, possible evidence of controlled media with
propagandistic content.

3) Topic Classification Comparison Between Russia and
Ukraine: In terms of the topics discussed, we can observe
some clear similarities between the two analyses (Figs. 15
and 16). More specifically, the top three categories for each
analysis are almost identical. More specifically, “unrest and
war” is the top category with 32.7% of documents clas-
sified as such in the Russian dataset and 22.7% in the
Ukrainian dataset. Next, we have “law, government, and poli-
tics,” with 7.9% and 4.9%, respectively, while “politics” comes
third with 6.3% and 4.5%, respectively. In general, these re-
sults suggest that both sites are concerned about the same
issues.
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Fig. 14. Sentiment of Russian newspaper articles.

Fig. 15. Russian dataset topics.

Fig. 16. Ukrainian dataset topics.

VI. CONCLUSION AND FUTURE WORK

This article introduces a novel online tool called DataPoll. Its
aim is to bridge the gap between two research areas, that is, tools
that collect and sometimes analyze isolated data, and isolated
research that applies computational methods on specific topics.
Furthermore, it aims at providing new techniques that can be
applied on big data and open new paths in computational social
science research. We strive to achieve that by proposing and
implementing an online platform called DataPoll offering some
unique and innovative features that no other tool offers by

1) Bringing together all major analyses currently used by
social scientists.

2) Facilitating multisource data collection and cross-source
data analysis.

3) Facilitating comparative and exploratory visualization to
better understand the analysis results.

4) Support community collaboration by allowing end-users
to add new features and capabilities.

An example of a use case is also presented, exploring the
rhetoric regarding the Russian–Ukrainian conflict. This process
involved collecting online content from both Ukrainian and
Russian sources, applying various text analysis techniques, and
finally utilizing comparative analysis on interactive visualiza-
tions to identify differences in the discourse used by the two
sides.

Despite DataPoll’s effectiveness on the test-case example,
there are additional features that must be included, mainly
related to new analysis techniques. Currently, most techniques
implemented in DataPoll are not domain-specific and have been
developed for general natural language tasks that can be applied
across fields. Our immediate goal is to develop our own text
analysis techniques, tailored exclusively for political content.
One field of particular interest is the mining of arguments,
which focuses on the identification and detection of the ar-
guments expressed in the text [74]. Knowing the arguments
relating to a particular stance of a citizen (e.g., negative sen-
timent) about a topic (e.g., climate change) can help us better
understand why that stance is being held.

In conclusion, DataPoll is not meant to replace traditional
methods of analysis, but rather to serve as a tool that: 1) enables
the research community to apply big data analysis on text
corpora in a simple, uniform, and intuitive manner; 2) supports
multidimensional analysis leading to better understanding of
the data; and 3) enables addition of new domain specific analy-
sis techniques without having to worry about any other aspects
of the big data pipeline.
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