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Abstract

Social platforms are the mirror of our society's values, kefs, and activities
and have become the subject of study of many disciplines; easchers often
study the themes and sentiments of social-platform discusas and attempt to
understand how the various aspects of these discussiongelate with people's
in uence and the spread of ideas. This type of research reges substantial
software engineering work. We developed SoDa-TAdP(Social Data - Toolkit
Analysis Platform, Version 2) to automate many useful tools rad to make
them available to scholars of all disciplines. SoDa-TAR integrates (i) a data-
ingestion and analysis pipeline, and (ii) a visual query layuage through which
to review data and evaluate hypotheses. The pipeline enhascdatasets with
lexical analyses, sentiment analysis, humor detection, @ndenti cation of
personal values and Big Five personality traits from text andmages. The vi-
sual query language features an intuitive drag-and-dropterface that enables
users to Iter and slice datasets to create distinct sampleets and save them
for future use, perform aggregations, categorize data intouckets through
classi cation, clustering, and natural breaks, and comparthese buckets using

statistical analyses and visualizations.
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Chapter 1

Introduction

Social platforms are today's key channels of communicatipdissemination of
ideas, propagation of opinions and beliefs, and, overalyltural exchange. The
broad participation of users from every socioeconomic bagkund on social
media makes these platforms an ideal \laboratory" where toake society's
pulse.

In the recent decade, we have seen a wave of scholarly pulilmas exam-
ining sociological phenomena on social platforms. Thesebhtigations often
refer to the same data sets, and sometimes use similar basiols to process
these datasets, but, more often than not, rely on software ¢tds developed by
the authors' teams. The system we report in this thesis has be developed
to support this kind of scholarly work by researchers who doom necessarily
possess software engineering skills. To that end, our systbas been designed
to meet two key requirements. The rst requirement is to enale users to
comfortably experiment with data and construct subsets of ata of interest
to them, based on their disciplinary expertise, by \slicingit, i.e., selecting
speci ¢ values or ranges within a dimension, and \dicing" iti.e., by select-
ing combinations of values from multiple dimensions. The send important
requirement that our system strives to meet is to automate # data-science
tasks frequently involved in analyzing social-platform da.

Our system, called SoDa-TAR,, integrates (i) a data-ingestion and anal-
ysis pipeline, through which posts are annotated with a vaety of lexical,

sentiment, personality, and in uence analysis, and (ii) agual query language



through which users can explore their data, review their pperties through
a variety of visualizations and evaluate their hypothesesitough a variety of
statistical-signi cance tests.

1.1 The Research Problem

Today, the ability to e ectively interpret massive amountsof data has become
a necessity across various domains, from education and hleehre to energy
and nance. Despite this prevalence of data, it is often undatilized due to
technical barriers. These barriers include a lack of peoppo cient in data
interpretation tools, technical experts who nd traditional data analysis meth-
ods intimidating, researchers who can't a ord the developent time required
to write scripts for analyzing a particular dataset, and dorain experts in areas

like healthcare who lack programming skills.
Challenges in Data Utilization

The challenges in leveraging data stem from the complexityf two tasks:

1. Data Ingestion: Convenient ingestion and processing of data is often
hindered by underlying technical complexities [54]. While ghe-shelf
technologies facilitate convenient ingestion and trangfmation [2], they
regularly fall short in terms of extensibility. Instead, cistom pipelines,
when incorporated with Python scripts and its extensive rage of NLP
and ML libraries, can signi cantly enhance the insights extcted from
data. However, setups like this require developers to do maaluwork,
for example, in case of a Kafka-Spark setup [105], create Kaftopics,

trigger Spark jobs, and write separate scripts for ingestineach dataset.

2. Data Querying and Visualization: Non-experts often lack knowl-
edge of query languages and data visualization software. dfvfor those
with programming skills, it can be arduous to dedicate focesl e ort
to extract insights from a particular dataset using convenonal libraries
like Pandas. Generalized programming languages aim to aeWe a bal-

ance in query-expressiveness [63] to cater to a wide rangedomains.
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However, this often leads to a trade-o where query succincéss (the
ability to express queries concisely) is compromised. Thisade-o is
a common aspect of language design, where the goal is to make t
language versatile enough for various applications, sonmes at the ex-
pense of the ability to express domain-speci ¢ queries asnoisely as a
domain-speci ¢ language (DSL) could. As such, our requiremifor a
DSL speci cally for hypothesis testing, a common element atsearch

work, was left unful lled.

1.2 Data Democratization with SoDa-TAP V2

Data democratization is a recently coined term that refersot the aspiration of
mitigating these barriers by making data more accessible towider range of
users, irrespective of their technical expertise. Data deroratization refers to
the practice of empowering individuals, regardless of thidiechnical expertise,
to access and manipulate data resources in order to gain gisis relevant to
their eld of study and work. A key requirement of data democatization is
that data, which is one of the most valuable assets of an orgaation, should
be available to the average end user, and not just siloed withIT depart-
ments or available only to data scientists. This componentds been widely
studied in the domains of data privacy and transparency [125However, data
accessibility entails more than just availability. A very cucial tenet of data
democratization pertaining to accessibility is the provisn of tools that enable
\self-service analytics" [62]. Such tools, owing to theirasy-to-learn and easy-
to-use user interfaces, enable individuals without expeknowledge to engage
in data analysis without feeling overwhelmed.

With our focus on tooling, this thesis aims to advance data demcratization

e orts in the following ways.

" Reduce communication complexity between human actors: We
expect that the ability to independently analyze data will sreamline
the communication process between team members, includitigpse of

our lab, minimizing misunderstandings that typically arig from relaying
3



data requests [12]. In small teams like ours, where a data emger usu-
ally manages the data needs, relying solely on this individufor data
handling can lead to miscommunications regarding data regements,

as team members may struggle to accurately convey their need

Cut-down on turnaround time: As per the philosophy of lean man-
agement [124], teams must reduce delays by stripping out weoessary
communication. Preparing, conveying, and responding to tharequests
leads to ine cient time management as (i) the elicitation seps cannot be
avoided, and (ii) everyone's schedule must align with the teengineer's

availability.

Support data experimentation and minimize data waste: This
centralized dependency on another individual also disc@ages exploratory
data analysis and experimentation, as individual team mendos might
feel pressured to re ne their requests to avoid imposing ome data en-
gineer's time. A more accessible system gives individualtacs more

con dence to play around with data and also minimizes data v&e [1].

Empower domain-knowledge experts: Empowering individuals to
conduct data analysis on their own gives people with domaimkwledge
more control, as they can make inferences from data-analysesults and

make necessary adjustments to queries based on their knaige.

Relieve data scientists of redundant tasks: Routine analytical tasks
can be distributed across the team, allowing data scientsto focus on
complex, value-adding activities. This approach optimizethe use of
skilled data scientists' time, for example, by freeing thento develop

advanced predictive models rather than generating reports

1.3 SoDa-TAP ,, Features

The rst version of SoDa-TAP [46] focused on incorporating fuctionality for

advanced social data analysis. However, the use of the toolsagtrictly suited
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to data engineers or those experienced with data analysisots. SoDa-TAR,,
focused on the premise of making this system accessible togh with little to
no programming experience, such that they could interact i the tool using a
simpli ed interface that does not require expert knowledgeSoDa-TAP,, plays
an important role in overcoming traditional data analysis ballenges through
innovative functionalities that cater to the needs of non€chnical users, in the

following ways:

Simpli ed Data Ingestion

" Automated Data Import: SoDa-TAP,, o ers a highly simpli ed in-
gestion process, allowing end users to initiate data ingest directly
from the user interface by providing a simple, publicly acssible URL

to the dataset, hosted on platforms like Google Drive.

Customizable Data-Analysis Pipeline  : The end user can toggle the
speci ¢ analyses they want the pipeline to conduct. SoDa-TAR inter-
nally relays this con guration to the pipeline, ensuring ttat the analysis

is tailored to user needs.

Intuitive Querying and Visualization

~ Visual Query Language (VQL): SoDa-TAP,, introduces a domain-
speci ¢ visual query language that allows users to construgueries
through a drag-and-drop interface. This method drasticajl lowers the

learning curve associated with traditional text-based qug languages.

Flexible Data Manipulation: Users can create, compare, and ana-
lyze data subsets using prede ned blocks in VQL, such as lteng for
speci c attributes or comparing di erent datasets. This exibility is vi-

tal for non-technical users who need to conduct complex datgerations

without programming.

Dynamic Visual and Statistical Comparisons: Users can visualize
their results directly within SoDa-TAP,, using a variety of charts, and

conduct statistical tests on these results.
5



Ease-of-Use Features

A

Data Preview: SoDa-TAP,, features a comprehensive data preview
tab, with a table view and visualizations to help users undstand the

structure of their data before proceeding with deeper anadis.

Saving/Loading Workspaces:  The users can save a query workspace

that they have created and return to it later.

Tooltips: Each VQL block displays a tooltip upon hovering, explaining
the usage of that block.

Help Pages: Each tab on the user interface includes a help page that

0 ers users an overview of how to use that particular tab.

1.4 Thesis Outline

The rest of the thesis is structured as follows: Chapter 2 digsses related

research and existing tools in social media data analysisagg, acting as a
primer to the functionality of SoDa-TAP,,. Chapter 3 delves into the func-

tionality and design of SoDa-TAR,,, explaining each feature and architectural

component in detail. Chapter 4 provides an evaluation of theystem's util-

ity, generality, and performance, using various experimén Finally, Chapter

5 summarizes the key aspects of the system and details the iplad future

modi cations to the system.



Chapter 2

Background and Related
Research

In this section, we recap relevant commercial tools that sprt social data
analyses. Additionally, we detail research studies utilimg such tools as a

foreground to understanding the utility of SoDa-TAR),.

2.1 Commercial Tools

There is a variety of commercially available tools that emply techniques sim-
ilar to ours to study social media data.

Audiense [7] focuses on understanding groups within Twitter data, by
segregating audiences based on their \psychographics, dgraphics, content
they like, and sources of inuence" [53]. This is based on sak network
analysis, that allows the user to assess the connections tlexist within their
audience, based on who engages with what content, and how tthata ows
across from one point to another, or from one audience subsetnother. Once
these distributed subsets with distinguished attributes @ created, you can
make targeted marketing e orts based on the characteristicof each subgroup.
Similar to many other social media analysis tools, you cansa monitor your
competitors, as well as conversations about your brand. Alttugh Audiense
focuses primarily on Twitter, it can also be integrated intoother platforms.

CrowdTangle [26] is atool provided by Meta, that can be used to analyze

content on Facebook, Instagram, and Reddit. It allows you t&follow" content



(e.g. tracking posts with speci ¢ keywords, topics, linkspr trending content)

across the entire platform, tracking as many accounts as yavant (real-time

monitoring). Not only does it allow analyzing content "within' a platform, but

also "across' platforms, such that you can analyze how yowrgent performed
on di erent social media platforms, and how it resonated wit the audience
on each. Custom real-time dashboards can be created by theeusms per
their preferences, to assess multiple streams of data on age dashboard,
which includes creating reports and visualization. Its arlgsis capabilities are
mainly focused on monitoring engagement rates and assoeitfunctionality

like creating leaderboards and comparing performance mies across di erent
forms of content based on engagement. Additionally, the toalllows you to
set up ‘custom alerts'. For example, you might want to be alexd on your

Slack channel once some content crosses a speci ¢ threshioldengagement
rate. Its APl is also accessible so that it can be integratedtm other extended
tools, leveraging its capabilities.

Keyhole [58] is a tool that allows you to monitor trends, hashtags, in-
encers, keywords, etc. It oers you speci c functionality ér each category;
for example, for in uencers, it can help you assess their @h on investment
(marketing e orts compared with engagement), and for conts, it can conduct
real-time sentiment analysis such that you can monitor thehanging sentiment
of your audience towards a series of posts you are making. Aslsuit can be
particularly useful for brand monitoring, to assess how theonsumer perspec-
tive towards your brand is changing, and what measures mighted to be put
in place to in uence this change.

Brand24 [15] is a "social listening tool' that allows businesses toamitor
how they are being talked about across social media platfosmThis includes
content that mentions your brand or a product made by your brad, the users
mentioning your brand, or any hashtags or links you might wéarto associate
with your brand. The “user detection' capabilities allow yo to identify which
major companies, competitors, or in uencers might be merning your com-
pany or products so that you can engage with them accordinglyPerhaps an

in uencer bought one of your products from Amazon and gave it aagative
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review on their channel. You can be noti ed of it as soon as psible, using
custom alerts, and reach out to them to make amends. This issal supple-
mented by sentiment analysis capabilities, to monitor the eneral perception

of your company and products.

2.2 Social and Behavioral Research using An-
alytical tools

Many research studies have used tools that analyze sociataléo gain insights
into topics ranging from health and public opinion to behawral trends and
the spread of misinformation.

Social media analysis tools have been extensively used tglexe topics
in healthcare. Santarossa et al. [93] used the Netlytic [74dfsvare to assess
the prevalence of orthorexia nervosa on Instagram. The stuagexamined the
impact of social media on dietary behaviors, with a focus orotv discussions
tagged with #orthorexia re ect the broader issues of dietay perfectionism and
its potential harms. Netlytic's capabilities to process lage datasets allowed for
detailed analysis of user interactions and content themeproviding insights
into the social and psychological impact of online conversans about health
on individuals, and the dominant role of social media in prooting health-
related disorders among users. In Malhotra et al.'s resehrf65], tools such as
Sprout Social [101], Symplur [113], and SocioViz [99] wereedsto study the
impact of World Hypertension Day. The research provided inghts into the
regional interest in hypertension awareness from 2014 toZZ) Sprout Social
and Symplur allowed the extraction of tweets and impressisnand SocioViz
aided in conducting network analysis to understand conngohs between var-
ious hashtags and topics. The study found that World Hypertesion Day had
a huge inuence on awareness regarding the issue, even niatica spike of
over 800% increase in 2021. Moens et al.'s study [73] aimedet@luate the
type, quality, and content of web-based information on spad cord stimulation
(SCS) for chronic pain. It used keywords like \pain" and neuwsmodulation” to

identify relevant conversations about the topic on Faceb&o Twitter, Youtube,
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Instagram, and blogs, etc, using the Awario [10] tool.

Research during the COVID-19 outbreak further concretizedhe role of
such tools in public health communication, particularly inpandemic manage-
ment and emergency response. Obiala et al. [76] used Buzn®Uy18] to as-
sess the accuracy of articles that were most frequently skearon social media
platforms regarding COVID-19 prevention. The study analyz thirty arti-
cles and classi ed them as accurate, misleading, or inaceteg in accordance
with the health guidelines issued by authorities such as WHO drthe CDC.
It found that while most of the articles (80%) were accuratethey only ac-
counted for 64% of the shares. BuzzSumo was also used in arotstudy [69]
by Mirone et al. to assess telemedicine information on sokcimedia during
the pandemic. The paper suggested that online content by dirent medi-
cal institutions should be standardized to combat misinfanation. Rovetta's
study [90] used Google Trends [44] and Talkwalker [107] toawrine concerns
on the web about COVID-19 vaccines in Italy. It used the keywak search and
ltering functionalities of these platforms to identify relevant conversations.
The study indicated a general sense of doubt amongst the pitdbregarding
vaccines.

Besides healthcare and pandemic research, these tools halg® been used
to investigate the manner in which people communicate on satmedia in gen-
eral. Gruzd et al. [45] used the Communalytic [22] tool to stly anti-social
behavior within online communities, especially on platfons like Reddit. The
study examined issues like trolling, hate speech, and in amatory messages
made to disrupt conversations. Rohlinger et al. [89] used &ioverText [28] to
examine how Twitter's suspension of a few accounts duringet2020 presiden-
tial election audits a ected open discourse on the topic. Téstudy discovered
that such suspensions had little to no e ect on the quality ofinformation
shared, or the people who posted.

Each of these tools and their assisted research re ects there goals of our
system, allowing users to conduct social data analysis cemiently. The rst
version of SoDa-TAP implemented a comprehensive range ofitt, impact,

and semantic analyses within a data pipeline. However, thigtip required
10



manual con guration, including the setup of Kafka topics, onnectors, trigger-
ing Spark jobs, etc. Additionally, the platform did not provide a user interface
to make it convenient for end users to interact with the systa. This rigidity
necessitated the constant presence of a developer to cusizanngestion scripts
and to develop scripts for data analysis after storage. Mayeer, the platform's
Itering capabilities were quite limited, supporting only a set of static visu-
alizations, o ering little exibility for end users to inte ract with and explore
their stored data dynamically. SoDa-TAR, addresses these limitations by
handing non-expert users more control, to customize and gger the pipeline
conveniently, conduct additional analyses, store data, dnplay around with
it using an easy-to-use Visual Query Language (VQL) and an initive user
interface. Each of these improvements over the Soda-TAP pfatm will be

detailed in length in the next section.
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Chapter 3

Software Architecture and
Implementation

SoDa-TAP,, combines a number of tools, as shown in the diagram of Figure
3.1, accessible over a browser-based user interface. Therusterface contains
four tabs: "Data Ingestion', "VQL Interface’, ‘Dataset Preiew', and "Plotting’,
each with a help page detailing its functionality. A user catog in to the system

using the AuthO [8] authentication service.

User Interface API Server (Flask) Data Enrichment
Message Broker
e Trigger Automated || (Kafka)
el g Ingestion »
NLP
{Apache Spark)
VQL Interface Trigger Query ||
(Blockly) Execution Elasticsearch
|
VQL Engine |Indexa’Al|a5 Creamn.
Caching Data Retrieval ‘
(Redis) L
Dataset Preview =
Task Queue
(Celery) [
Query Translator
iR |
Analysis Engine

Figure 3.1: SoDa-TAR, Software Architecture
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3.1 Data Ingestion

SoDa-TAP,;, relies on Kafka [3] for data transfer, Apache Spark [5] for pcess-
ing, and Elasticsearch [31] for storing the analysis ressl{instead of CrateDB
[25] which was part of the rst version of the system). The syem continues
to use Docker [29] containers to simplify deployment. SoDEAP ,, enhances
the previous architecture with more automation, handing me control to a

non-expert using the system. Section 3.1.1 describes thenoey of a CSV le

as it ows through the di erent tools of the data pipeline and lands in the

data store. Section 3.1.2 details the types of analyses coted on the data
as it ows through the pipeline.

3.1.1 Automated Data Ingestion in Action

SoDa-TAP,, automates the data-ingestion work ow in four steps. (i) Thele
is downloaded to a designated \unprocessed" folder, whichiggers the rest of
the pipeline. (ii) Kafka is the mechanism for data transfera topic is created,
and a connector reads the le from this directory into the tojc. (iii) A Spark
job is triggered to consume data from the Kafka topic, inferite schema, and
perform analyses. (iv) Finally, the processed data is writteto Elasticsearch

for e cient querying.
Triggering the Data pipeline

The journey of the le through the pipeline starts with the user providing two

inputs, to trigger the pipeline

" alink to the dataset, typically a public Google Drive URL

A

the name of the dataset

Upon clicking the \Begin Import" button, the size (up to 500MB) and
format (CSV) of the le are checked and its column names are axcted. The
user then chooses the analyses they want to be conducted ore thataset.
SoDa-TAP,, supports a variety of analyses, including topic modelingexkical
analysis, impact analysis, high-order semantic analysiand image analysis,

13



described in detail in Section 3.1.2. The user can choose fpéy any (or all) of
these analyses by toggling checkboxes on the Ul. Once thegklihe \con rm"
button, the pipeline is triggered, requiring no further useinteraction.

Next, the Python \requests" [87] library downloads the data le from the
speci ed URL and stores it in a designated \unprocessed" foddl on our le
system, ready for Kafka to pick it up.

Data Transfer with Kafka

Kafka remains the core of the data transfer mechanism in SoB&#P ,,. It has

the following components:
" Topic: Acts as a message bu er for transporting data bytes.
" Producer: Sends data to a topic.
" Consumer: Reads data from a topic.
" Connector: Links Kafka with external services e.g. a database.

In the rst version of the architecture, a topic and a CSV soute connector
had to be manually created each time a dataset had to be ingedt In SoDa-
TAP ,,, these are automatically created using the \con uenkafka.admin.AdminClient"
[23] and the \Kafka Connect REST Interface" [57] respectivg. The CSV con-
nector reads the le in the \unprocessed" folder into the Kafa topic, ready
to be consumed by Spark. To ensure smooth data movement, thaldwing

additional services are used:
" Zookeeper [6]: Provides state management to the Kafka cluster.

" Schema Registry [94]: Stores the data schemas for the data being
transported by Kafka.

Data Analysis with Apache Spark

Apache Spark is an analytics engine for large-scale data pessing, o ering
high-level APIs for distributed data processing and machinkarning. In the

rst version of the system, Spark was deployed in local mod&hich doesn't
14



allow distributed processing over multiple machines. In $&a-TAP,,, a Spark
cluster is set up using Docker for future expansion to multlp machines, allow-
ing for better resource isolation, fault tolerance, and stability. The cluster

setup includes the following components.

" The master node manages the cluster's resources and schedules tasks

by distributing them among the worker nodes.

The worker nodes execute the tasks assigned by the master node. Four

worker nodes have been deployed, with 5G of memory and 3 coeash.

Spark Standalone Cluster mode [100] is used, which is the default
cluster manager that comes bundled with Apache Spark, remog the
need to set up a separate software like YARN [92] or Mesos [91]}.
provides robust scheduling and resource management capiéies across
multiple worker nodes out-of-the-box, as well as a web-bakaser inter-

face that we use to monitor the cluster.

SoDa-TAP,, triggers a Spark job using the spark-submit [106] utility, Wich

provides the topic name and the list of required analyses thé¢ cluster. Spark

reads from the Kafka topic, infers the schema for the datasetnd performs the

analyses onit. The results are written to Elasticsearch ugy the \org.elasticsearch.spark.sql"

package and the \Elasticsearch-Hadoop connector" [49].

Data Storage with Elasticsearch

We have changed the system's data repository from CrateDB tlasticsearch
in SoDa-TAP,,. Elasticsearch is a powerful, open-source search enginatbu
on Apache Lucene [4], widely recognized for its speed, scdigh and robust
guerying capabilities. It is designed to handle large volues of data query-
ing in near real-time, making it an ideal choice for our datatensive query
language detailed in section 3.2. Elasticsearch uses anearted indexing sys-
tem, allowing for quick text searches, and supports complesearch queries
with its DSL (Domain-Speci ¢ Language). Its distributed naure allows for
the data and search load to be spread across multiple serversnodes. Our

Elasticsearch setup has the following components:
15



A

Nodes: We have deployed Elasticsearch using Docker, with a clustef
three nodes, aiding e cient querying. All nodes currently run on a single
machine. However, our deployment is suitable for a multi-mame setup

to allow data redundancy, fault tolerance, and high availabty.

Document structure:  For the functioning of our VQL, we maintain a
at document structure within our indices to simplify querying. As such,
each document contains a denormalized set of elds with no gant-child
relationships or nested elds. This simplicity keeps the VQ implemen-
tation straightforward and ensures that non-expert usersalnot have to

deal with complex queries involving nested structures.

Kibana [59] Integration:  We used Kibana for its Developer Tools to
create and explore indices during development, and to upkamall les

during VQL testing.

3.1.2 Data Processing and Analyses

SoDa-TAP,, features a comprehensive set of analyses, conducted priityar
within Apache Spark, to enhance input data before it is writta into Elastic-
search. SoDa-TAR; includes the following text-analysis functionalities, agi-

nally available in the rst system version.

Preprocessing:  This stage cleans the text by eliminating non-essential ele

ments like stop-words and standardizes it to lowercase.

Dictionary look-up: A number of dictionaries are used to identify words
tied to personal values, sentiment, humor, big- ve persotity traits, and emo-

tions.

1. Personal Values: Words categorizing personal valuesarten categories:
self-direction, stimulation, hedonism, achievement, p@w, security, con-
formity, tradition, benevolence, and universalism, basedn the frame-

work proposed by Ponizovskiy et al [81].

16



2. Sentiment: A binary classi cation of sentiment (positie and negative)

as proposed by Hu and Liu [50].

3. Humour: Words categorized into four levels of humor intertg, as sug-

gested by Engelthaler and Hills [35].

4. Big-Five Personality Traits: The Big 5 personality traitsrepresent ve
dimensions of personality. This dictionary categorizes was falling into
each of these ve dimensions, namely \extraversion"”, \agesableness",

\openness", \conscientiousness" and \neuroticism".

5. Emotions: The dictionary categorizes words into a set ofight emo-
tions, namely \anger", \anticipation", \disgust”", \fear" , \joy", \sad-

ness", \surprise", and \trust".

Sentiment Analysis: Captures the sentiment associated with a text using
VADER [116].

Element Extraction: This functionality extracts commonly occurring ele-
ments like hashtags, emojis, and URLs from tweets, and doesduency anal-

ysis on them.

Engagement Calculation: The engagement rate, extended reach, and po-
tential impressions of a tweet are calculated using tweettgractions and the

author's following/follower counts.

Image Analysis:  Version 1 provides a custom-built console application, not
incorporated into the pipeline, that conducts color schemanalysis, object

detection, image classi cation, sentiment analysis, OCRynd face recognition.

Data Analyses New in SoDa-TAP  ,

In addition to the above, SoDa-TAR,, features a number of additional analy-

ses, described below.
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LDA Topic Modelling: Topic modeling is used in NLP to discover abstract
topics within a collection of documents. It clusters co-ocering words into
topics, revealing latent thematic structures in the text. ®Da-TAP,, uses
the popular Latent Dirichlet Allocation (LDA) algorithm [13] provided by
\pyspark" [61] to categorize each document as a mixture of pacs and to
determine which words make up a topic. The topic-modeling pcess involves

the following three steps.

" Vectorization: A tokenizer splits the preprocessed text faach document
into words. A \CountVectorizer" [24] then converts these wals into a
sparse vector representation, resulting in a matrix of word@ounts for

each document.

Topic Discovery: With the text data vectorized, a Latent Dirichlet Al-
location (LDA) model is used to discover a distinct number ofdpics
within the corpus. The model iterates multiple times to optnize the

topic distributions.

Topic Assignment: Once the LDA model is tted, the topic distibution
for each document is retrieved, and the most dominant topicof each

document is also determined.

Fact vs Emotion Image Classi cation: Social-platform users often in-
clude images with their posts, including personal images,emes, infograph-
ics, etc. These images play an important role in how users egg with each
other and researchers are often interested in exploring thature of the images
and their impact. This is why SoDa-TAR,, integrates a console application
to detect if an image depicts facts, emotions, or both. It useGoogle's Cloud
Vision API [21], speci cally its face detection, text detectbn, and labeling
features to label tweet images. If people's faces are the doant element of
the image, whether the image contains one big face or many dhlaafaces, the
emotions detected by the API are examined: if any face is ratétikely" or

\very likely" to express an emotion like joy, anger, surpris, or sorrow, the im-

age is labeled as \emotional." To assess whether faces arecanthant image
18



element, we calculate the percentage of the image coveredthg bounding
boxes of the detected faces. If this percentage is above adsinold, facial in-
formation is determined to be a dominant feature of the imagé/Ne typically
set the threshold to 1%. Although this percentage may appeanotbe low,
it pertains to the bounding box of faces only and not the wholperson. If
faces are not a dominant feature or the faces do not show cleanotions, we
examine whether the image has a text element. If the boundingokes of all
text segments cover more than 20% of the image, the text fea&uis consid-
ered \dominant." If they cover between 10% and 20% of the imag the text
feature is deemed \relevant." The detected text is passed the OpenAl API
for classi cation for both relevant and dominant texts. If the text is dominant,
this classi cation is applied to the whole image. If the textdoesn't dominate
the image, we consider the array of objects and notable attiites detected by
the Google Cloud Vision API. The array elements are classi edsapositive,"
\negative," or \neutral" using the \ niteautomata/bertwe et-base-sentiment-
analysis" HuggingFace model [38]. If any element is tagged &snotional,”
whether \positive" or \negative," the image is classi ed asemotional. Our
rationale is that if the earlier steps (face detection and t¢ detection) have
not con rmed a label, any trace of emotion in the image is priatized. This
decision criterion is often validated by the label detectio feature, which iden-
ties sentiments like \happiness" or \sadness" rooted in tle broader image
context, which in turn is immediately labeled as \emotiondl by the Hugging-
Face model. Finally, if up to this point, all our e orts have ben unsuccessful,
we are left with a list of labels. Each label is identi ed eitler as \factual,"
\emotional,” or \both." The label marked as \both" can only h ave originated
from the previous \relevant” text detection, while the \factual" labels are the
result of the HuggingFace classi er. At this point, the images usually labeled
as \factual" because the \factual" tags are more common thathe \both" tag,
which could appear once (at most). In the rare scenario whetigere is a single

\factual" label and a \both" label, the image is categorizedas \both."
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GPT 3.5 Turbo Instruct API integration: SoDa-TAP,, also includes a
console application to classify text based on an OpenAl motetesponse. This
console application was implemented to classify text as \estional”, \factual”,
or \both" for a research study done in parallel to the systens implementation
(detailed in section 4.1) but is truly versatile and can be wxl for any other
classi cation as well. The console application used OpenAlI'GPT-3.5 Turbo
Instruct API [71], optimized for task-oriented use cases witwell-de ned in-
structions, distinguishing it from the chat models. The tekof each tweet was
submitted to the model with the following concise prompt: \Dbes the following
tweet seem like it was written based on facts, emotions, or th® Please out-
put just one word: ‘facts', ‘emotions’, or "both'. Tweet:f tweet-textg." This
prompt accompanied each API request to ensure the model ratad the con-
text of providing a one-word response and prevented the mddeom o ering
extended explanations that would require the need for pogirocessing. This
method was favored over the alternative of giving a \systemtmessage to the
API to establish its role. After a brief period of trial-and-eror with both tech-
niques, sending the context with each request proved to be negrecise for our
speci c use case. Consequently, the OpenAl API provided thelal for each
text. Post-processing was needed only in the extremely rarestances (in four

cases) when the API, contrary to instructions, chose to proge explanations.

3.2 VQL Interface

Unlike traditional text-based programming languages, VisuaProgramming
allows users to implement computing logic using graphics @rimages. Vi-
sual programming languages and interfaces [104][34][80][come in all shapes
and forms, from blocks that mimic real-life objects to thosehat represent
individual operators within a language. This visual approeh bene ts from
the widespread familiarity with drag-and-drop interfacesthanks to their use
in introductory programming courses and coding educatiorof children, such
as with Scratch [97][96]. To enable users to explore and tdkeir hypothe-

ses visually, we designed a domain-speci ¢ visual query tarage (VQL) for
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hypothesis testing. Through an intuitive drag-and-drop iterface, the SoDa-
TAP,, VQL guides users through a sequence of steps, each one supgubrt
by a special-purpose block, toward a complete and correctesp cation of a

hypothesis.

3.2.1 Query Builder

The VQL is implemented using Blockly [14], a client-side lfary that enables
the creation of block-based visual programming language®lockly's inter-
locking blocks visually represent the ow of execution withstatements and
variables. Figure 3.2 shows our Blockly query builder inteaite with one of the
tabs open. The dotted grid (labeled A) in the image is the quergrid, where
blocks can be dragged in to form a query. The block labeled \Woow" (la-
beled B) on the grid is xed and represents the starting poinfor a query. The
query needs to be created within this root block. Any blocks ndlirectly or
indirectly connected to it will be disabled, and ignored upo query execution.
On the right, there is a panel (labeled C) containing blockseparated into
categories. Each category has a speci c color allowing faasy identi cation
of its blocks. As can be seen in the gure, the third work ow blgk (labeled
D) already has its inputs pre-connected. This is a Blockly &ure that allows
pre-plugging common inputs for a block to aid the query setuprocess, re-
ducing development time. Blockly by default provides addibnal features like
duplicating, deleting, expanding, and collapsing blocksand even retrieving
them from a trashcan (labeled E) after deletion. We have addeooltips for
each block that appear upon hovering, aiding with the learng curve. The
two buttons labeled F and G in Figure 3.2 can be used to save andall a
guery workspace, respectively, in case the workspace is ok for future use,

or for saving frequent queries.

Query Work ow Construction

The learning curve of a query language can be a ected by thecfahat there is

a multitude of potential queries that the user can come up wht that may not

always correspond to a valid query within the language. This due to their
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Figure 3.2: Query Builder Tab

often text-based and non-linear input structure. Structued query languages,
such as SQL, mitigate this problem by imposing a xed order ithow queries
are constructed (e.g. SELECT-FROM-WHERE structure), guidingthe user
through a logical sequence of operations that result in a wdlquery. This
structured approach is indicative of declarative language[121], where the
focus is on the \what" of the data retrieval rather than the \now", making it
easier to retrieve and transform the required data. Similato SQL's logical
sequencing, our VQL, designed with hypothesis testing in md, introduces
four default work ows. These work ows act as the starting pmt for the end-
user, guiding them through a structured series of steps nestito conduct an
analysis, signi cantly reducing the risk of errors or incormplete queries. The
work ow blocks are tailored to cover the most common types abperations
typically involved in data slicing and dicing for hypothess testing. These

work ows will be detailed in section 3.2.2.

Query Validity Evaluation

Ensuring query validity upfront, a practice usually refered to as \compile-time
validation" as opposed to \run-time validation”, is crucid for maintaining the
integrity and e ciency of database operations. Compile-tine validation checks

the correctness of inputs during the query-building phasdyefore execution.
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This preemptive validation approach helps avoid the execun of erroneous
gueries that can lead to system crashes or unexpected results
Blockly provides built-in setCheck, setPreviousStatement , and setNextStatement

features that are used to ensure query validity within the VQ. The setCheck
feature allows developers to specify the type of data that ehld be accepted
by a block's input connector. This is accomplished by assigny an array of
acceptable data types to each input connector, ensuring thanly compatible
data types can be connected. For example, if a block is deséghto perform
operations on numerical data, itssetCheck property can be set to accept only
'Number' data types. Attempting to connect a block that outpus a "String'
type would be disallowed, visually indicated by an inabili to connect the
blocks. ThesetPreviousStatement and setNextStatement features manage
how blocks interlock with each other, de ning which blocks an be sequen-
tially connected. For example, for a date lter block, it canbe ensured that
the block connected to it is a date-selector block. These tages help prevent
runtime errors from type mismatches and guide users in congtting queries

correctly by enforcing data type constraints.

Query Execution

When a user constructs a query in Blockly and hits the executeution on the
front-end, a JSON representation of their query is created. dh line in this
JSON corresponds to a speci ¢ statement block and its variaés. The front-
end then performs validation ensuring no required conneofis are missing,
and no dropdown blocks are unselected. If the validation faj the user is
immediately alerted of the missing inputs. Otherwise, the J3N is sent to the

backend for processing using jQuery

3.2.2 VQL Syntax and Functionality

The BNF grammar for our VQL is provided in Appendix A. The Backus-

Naur Form (BNF) [120] is a notation technique used to describe éhsyntax of

programming and data description languages. Each rule in BNRotation is

written with a non-terminal symbol on the left-hand side andthe derivation
23



it represents on the right-hand side, separated by the \::="special symbol.
The right-hand side can contain a combination of terminalsral non-terminals.

Non-terminals are typically enclosed by the<> symbol and terminals are en-
closed by quotation marks. We occasionally add text within grenthesis to
further explain a symbol in our BNF for readability. The simpicity and clar-

ity of BNF allow language designers to unambiguously conveyé structure

of language constructs.

The VQL allows operations on two levels of granularity, theweet level,
and the author level. A tweet is equivalent to a single documein the Elastic-
search index. An author is equivalent to an aggregation of treuthor's tweets
based on the authorid eld. The words \tweet" and \author" are only used to
simplify explanations and to keep the VQL in line with the soal data analysis
pipeline that precedes it. Otherwise, its implementations not restricted to
social media data. For example, the VQL would work just as wefor a li-
brary analysis system, where a \book" would correspond to anglle document
instead of a tweet, and a \book genre" would correspond to arggregation,
instead of an author.

The user starts building their hypothesis by selecting one amng four top-

level work ow blocks

1. The data-subset-creation work ow enables the user to exibly slice
and dice a dataset to produce a new dataset, which can be namead

saved for further processing.

2. The intra-dataset comparison work ow guides the user to create
distinct data buckets within their dataset, and compare then against
each other.

3. Theinter-dataset comparison work ow is similar to the one above,
but instead of comparing data buckets from the same datasdhe user

compares two di erent datasets against each other.

4. Finally, the statistics work ow  allows the user to conduct statisti-
cal analyses on elds of a dataset, specifying the relevaneld for each
24
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required input variable.

1. Example: data-subset-creation work ow (Filtering) Let us now
review the rst work ow, shown in Figure 3.3. Note that the workow has
two main inputs: the original dataset and the name of the datsubset to
be constructed. In this example, the user chooses to Iter th\immigra-
tion_datasetnew" dataset, based on which to construct the new data-sulise
The work ow works almost instantaneously, using Elasticgech's ltered aliases
as its backbone. The user can choose to apply a \stack" of Its. Each lIter
block requires the name of the eld on which it should be applied. E& lter
in the sequence applies to the output of the Iter precedingt;i in e ect, the
Iters are all applied in conjunction with the original dataset. Note that the
eld names are dynamically retrieved from the repository.

The SoDa-TAP,; VQL has severprimary eld name blocks : \All Fields
block", \Numeric eld block", \Boolean Field block", \String Field block",
\Data Field block", \Array Field block", and \Dictionary Field b lock". Each
of these is constructed using a Blockly \dynamic dropdown le". The system
dynamically populates these blocks with eld names using ld types inferred

from the Elasticsearch index mapping. This ensures that théropdowns are

25



always up-to-date and aligned with the current data schemarlhe All Fields
block contains the names of all elds found in the index. Theumeric, Boolean,
and date blocks contain the elds with these respective datypes in Elastic-
search. String, array, and dictionary types are not inherely distinguished
in our indices, as they are all indexed under \keyword" or \t&t" types. To
classify these accurately, the rst document from the indexs analyzed: if a
eld is a list instance, it is classi ed as an array; if the rst character of the
eld is "', it is identi ed as a dictionary; otherwise, it is treated as a string.
Dynamically populating elds based on these types allows us impose type
restrictions for tailored operations speci c to each dataype, easing user in-
teraction by minimizing manual input and reducing the likeihood of errors.

There are four di erent types of tweet- Itering blocks:

1. Therange lIter is used to Iter tweets based on a range of a numeric

or a date eld.

2. Thecomparison lter isusedto lter tweets based on various operators
(= >,<, , , contains, does-not-contain), and can be used with all

types of elds (the above operators are overloaded).

3. The sorting block applies an ascending or descending order to the

chosen eld and is typically used as a pre-step for the post lIter.

4. The position lter selects a range of tweets, between two sentinels e.g.

from position 15 to 200.

In our example, the user applies three lters on the input dadset. First, a
range lIter on the text_sentiment eld of the tweets. This eld is numeric and
the user selects the tweets that have a positive texdentiment value. Next,
the user applies a sorting lter, ordering the tweets with peitive sentiment
in ascending sentiment order. Finally, the user selects thest 1000 tweets,
with a position Iter. In e ect, this block has selected the 1000 tweets from
the original dataset that express the least positive sentiemt. In addition
to ltering tweets, the SoDa-TAP,, VQL supports three types of author

Itering blocks
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1. Thetweet count lter selects authors whose number of tweets is within
the speci ed numeric range. For example, select authors whave be-
tween 30 and 50 tweets.

2. The author metric lter selects authors based on an aggregation met-
ric, i.e., average, median, minimum, maximum, sum, or mediaabsolute-
deviation, of a numeric variable of all of the tweets for thatuthor. For
example, one may need to examine \generally happy authorsha they
would do that by selecting authors for whom the average texentiment

of their tweets is above 0.

3. The count comparison Iter  selects authors based on the comparison
of two distinct range queries. This approach is particulayl useful when
outliers might skew the measures of central tendency usedthe author
metric Iter. For instance, to identify generally happy authors, one might
typically use an author metric Iter to select authors whoseaverage
text_sentiment exceeds 0. However, this average can be inuenceg b
extreme values. To address this, the count comparison Itecan be
applied to ensure a more robust selection by specifying théthe number
of tweets with a text.sentiment greater than 0) (is greater than) (the

number of tweets with a textsentiment less than 0).

Lastly, the VQL supports saving a specic bucket using aucket-picker

block. Bucketing is explained in the next example (intra-d@set comparison).
Essentially, this block allows you to create buckets withira dataset using a
technique like clustering, and then indicate which speci ducket/cluster you

want to retain/save as a data-subset.

2. Example: intra-dataset comparison (using Bucketing) Let us now
move on to a second more complex example, to illustrate thetria-dataset
comparison work ow. As discussed previously, the intra-daset comparison
work ow guides the user to create distinct data buckets witn their dataset
and compare them against each other. Examples of its usages ahown in

chapter 4 (Evaluation).
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Instrumental to the intra-dataset comparison work ow are te bucketing
blocks that allow users to create data buckets within a dataset. Thse buckets
can then be compared against each other using a plot or a skdical test.

There are four types of bucketing blocks:

1. Clustering based on the tweet's text using two di erent clustering al-

gorithms;
2. Classi cation of the tweets according to an input model;

3. Continuous bucketing based on a numerical eld and one of a set
of alternative methods for identifying breaks in the continous range of

values of this eld; and
4. Discrete bucketing based on a categorical eld of the tweets.

The clustering block requires that the tweets' texts be vectorized. As
the vectorization model, we currently use Google Code's Wit\Vec model [43],
trained and ne-tuned on the Google News Dataset (100 billiowords), named
\GoogleNewsvectors-negative300". The vectorization press transforms ev-
ery word in each tweet into a 300-dimensional vector. Theseators are then
averaged to produce a 300-dimensional vector representatiof the tweet. For
author-level analysis i.e. if clusters of authors are reqed rather than clus-
ters of tweets, the mean of each author's vectorized tweets taken to get a
300-dimensional vector representation of each author. Thectors can then
be fed to a clustering algorithm.

SoDa-TAP,, supports two clustering algorithms:

A

Flat centroid-based clustering (using k-means) This can be run in
two ways. Either the user can manually specify the number ofusters
to be created, as is common with k-means, or use the automat&d
means block. With the automated block, the k-means algorithriis run
multiple times, using a di erent number of clusters each tire, and the
best number of clusters is automatically determined usindghé silhouette
score.
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"~ Hierarchical Density-Based Clustering (using HDBSCAN) HDB-
SCAN allows hierarchical clustering without having to manully identify
the optimal number of clusters. Additionally, contrary to the centroid-
based K-means clustering algorithm that assumes the clusteto ex-
ist within a Gaussian sphere, HDBSCAN can adapt to obscure ghas
within the dataset, and also identify the data points that ae noise
[67][48].

The classi cation block takes advantage of the recent advances in LLMs
(Large Language Models) to classify text using a variety of HigingFace [70]
models. For author-level analysis, this text is a concatetian of all of that
author's tweet's texts. Although this approach works awlesly for tweet-level
classi cation, the author-level classi cation is currenly problematic due to
the input token limits of HuggingFace models. A better apprazh is required
speci cally for user-level classi cation. The models avible in SoDa-TAR,,

are listed below.

1. cardi nlp/tweet-topic-21-single for tweet topic classication

2. yiyanghkust/ nbert-esg-9-categories for nance topicclassi cation

3. SamLowe/roberta-base-gemotions for emotion classi cation

4. bucketresearch/politicalBiasBERT for political bias ¢assi cation

5. martin-ha/toxic-comment-model for toxicity classi cation

6. papluca/xim-roberta-base-language-detection for lgmage classi cation
7. nlptown/bert-base-multilingualuncased-sentiment

8. cardi nlp/twitter-roberta-basesentiment-latest for sentiment classi ca-

tion
9. mohameddhiab/humor-no-humor for humor classi cation

10. snlp/roberta-base-formality-ranker for formal/infamal classi cation
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11. cardi nlp/twitter-roberta-base-irony for irony/non -irony classi cation

We also provide a list of distilled versions of these classation models, if
available. Distilled models are optimized for faster perfmance, representing
a compact \student" model to replicate the behavior of a largr \teacher"
model, based on the same foundational architecture. Thisgeess of creating
a student model reduces computational demands while maimang similar,
though not as great accuracy.

The continuous bucketing block  allows the creation of buckets based on
a continuous numeric variable. The user provides the numerield based on
which they want to create buckets. For author-level analysj bucketing would
be done based on the average of that numeric eld across alletrauthor's

tweets. The user selects one of the following methods to ctedhe buckets.

1. Jenks Natural Breaks [122] minimize the variance within clusters
and maximize the variance between them. It is particularly seful for
identifying natural groupings in the data that aren't obvious just by

looking at the numbers.

2. Uniform Breaks divide the data into evenly spaced intervals from the

minimum to the maximum value.

3. Quartile Breaks organize data into four equal parts based on quantiles.
This approach ensures that each bucket contains a roughlywe number
of data points but may vary widely in the range of the data vales. This
is particularly useful in scenarios when Jenks Natural breaks Uniform
breaks might produce buckets with disproportionate distdutions, where

some buckets might be overly dense while others are sparse.

The unique bucketing block categorizes data based on discrete variables.
This can include categorical data such as author IDs, the nuyer of modalities
of a tweet (likes, comments, hashtags, etc.), or a non-nuneattribute that

distinguishes one piece of data from another.
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3. Example: Plotting and Statistical Analyses Once the user has con-
structed the subsets of interest, either using a data-sulisereation work ow or

through buckets created using any of the previously mentiea methods (clus-
tering, classi cation, continuous breaks, unique breaksj)hese buckets can now
be compared against each other based on any user-selectathtde, using one
of the plotting blocks available: pie-charts, single-variable plots like boxpte

and violin plots, plots with two variables like scatter plos, faceted box plots,
faceted violin plots, line plots (with a date type being one fothe variables),

and faceted scatter plots. The plots with two variables aidni assessing the
e ect of a moderating variable, which in this case would be #variable based
on which the bucketing was done. Similarly, after the buckethave been cre-
ated, they can be compared using statistical tests. Currdygt the system has

blocks for the following statistical analyses on variablefsom the buckets:

A

Covariance: Measures the directional relationship between two vari-

ables, indicating how much the variables change together.

Correlation:  Provides a scaled version of covariance that measures
both the strength and direction of the linear relationship letween two

variables.

" T-test: Assesses whether the means of two groups are statistically-di
ferent from each other. This is useful for hypothesis testnbetween two

conditions or treatments.

" ANOVA (Analysis of Variance): Tests di erences in means across
three or more groups, helping to determine if any of the groumeans

are signi cantly di erent from each other.

"~ ANCOVA (Analysis of Covariance): Similar to ANOVA, but it
includes one or more covariate variables that you control foimproving

the accuracy of the analysis.

"~ MANOVA (Multivariate Analysis of Variance): An extension of
ANOVA that can analyze multiple dependent variables simultaaously,
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determining whether the vector of means of several varialslés di erent

across groups.

"~ MANCOVA (Multivariate Analysis of Covariance): Combines
the principles of MANOVA and ANCOVA, analyzing multiple dependen

variables while controlling for one or more covariates.

3.3 The VQL Engine

The SoDa-TAP,, backend APIs are powered using Flask [39], a lightweight
WSGI [119] (Web Server Gateway Interface) web applicationdmework. Flask
blueprints [72] are used for the backend design. A blueprims a Flask con-
struct that allows the separation of a Flask application intoseparate related
components. This ensures that our APl implementation is higi modular and
easily extendable.

The query executed by the user on the front-end is handled by Fask
endpoint upon reception. This endpoint checks if the usertjuery has already
been executed against a Redis [86] cache. After determiningether a fresh
guery execution is necessary or not, it either sends back tbhached results or
relays the new query to the Celery Task Queue.

SoDa-TAP,, uses Redis for caching query responses. Redis is an in-mgmor
key-value database, cache, and message broker. The JSON frib@ user's
query is hashed using MD5 to create a unique and consistentyk®r caching.
The key is used to check if a response for this particular quealready exists.
If there is a cache hit, the response is immediately returndd the front-end,
bypassing the need for re-execution. Caching is also implented at a ne-
grained level, such that portions of a query are also cachedf. a portion of
a query containing a series of commands has been executedim:fthe result
for that speci c portion of commands will be returned direcly from the cache
for a future query that has the same series of commands as a seth for the

execution of subsequent commands in the query.
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3.3.1 Task Queueing

SoDa-TAP,, uses Celery [20], an asynchronous task queue based on disted
message passing, for queueing and managing query requesislery is par-
ticularly suited for tasks that require execution in the bakground as it does
not block the main thread of an application while the task is bing processed.
Flower [40], a Celery monitoring application, is used to motar the status of
the Celery workers and tasks.

Once a query is submitted and there is a cache miss, a Celeryrkay is
assigned the task for execution. At this point, the front-ed is informed that
the task has been successfully accepted. The front-end thkagins pinging
another Flask endpoint at half-second intervals to retrievéhe state of the

Celery task. This endpoint informs the front-end whether tb task is:

" Completed: In this case, the result of the query is returned.

" Pending: If the task is pending, the user has the option to terinate
it using another endpoint, which is particularly useful in ases where

processing a huge dataset takes excessive time.

~ Failed: If the task fails due to an error, the front-end is indrmed so the

user can be alerted.

The incorporation of this task-queueing component with thénelp of Celery
allows the VQL engine to handle multiple simultaneous quess, across di erent

browser tabs or sessions.

3.3.2 Query Translator

Each line in the JSON representation of the user query sent frothe front-
end corresponds to a distinct command. The Query Translatas a function
within the VQL Engine that maps these commands to distinct funtions in
the Analysis Engine. Each command is processed sequentialipm the rst
JSON line to the last. First, parameters are extracted from theommand, and
then, a function corresponding to the command within the Anafsis Engine is

called, passing in the extracted parameters.
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3.3.3 Analysis Engine

Data-subset Creation

A data-subset (or data slice) is one of the primary conceptsithin our VQL.
In a typical data analysis script, data transformation ofta yields intermediate
data representations, on a particular line of code. Tradibinally, these inter-
mediate representations are transient, recalculated witbach execution of the
script, and restricted within a particular script. This inability to easily reuse
these slices across di erent analyses or scripts results iedundant process-
ing and a lack of uidity in data exploration. The ability to d o so would be
particularly useful within our domain of hypothesis testiig, where the aim is
often to compare multiple groups/slices against each other

The backbone of this feature within the VQL is an Elasticseah \ Itered
alias" [33]. A plain Elasticsearch alias is a reference or ipter to one or
more indices and can be thought of as a soft link to the actuaksource,
rather than a duplicate. A lItered alias is a type of alias tha has a lter
applied in its de nition, such that every time the alias is c#led upon, it rst
applies the specied lIter in its de nition to the index and t hen returns that
speci ¢ subset. Alias creation in Elasticsearch is notablysft, providing near-
instantaneous referencing of the de ned subset.

Once the user has selected speci c lters to de ne a data skcusing the
VQL's \data-subset-creation” work ow, these Iters are enbedded into the
alias de nition. This Itered alias is then presented to theuser as if it were
any ordinary dataset, allowing for analysis or comparison ith other data
slices. When the user performs an operation on this Itered ials, Elastic-
search applies the Iters within the alias de nition behindthe scenes to acquire
that exact data slice from the original index before furtheprocessing. Elas-
ticsearch's caching mechanism plays a crucial role, enswgithat subsequent
accesses to the same alias are expedited, avoiding the nemdeapply lters

or reprocess the entire initial index every time.
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Querying the Elasticsearch Repository

Our decision to opt for Elasticsearch as the data repositorin SoDa-TAP,;,
replacing CrateDB, was in uenced by the availability of the\Elasticsearch-
dsl-py" library [32], a high-level library providing a Pythonic way of running
gueries directly within Elasticsearch. The ElasticsearcBSL o ers an ever-
increasing variety of Itering and aggregation features tat were deemed nec-

essary for current and future releases of the system.

Pushdown processing with Elasticsearch-dsl-py: SoDa-TAP,, is in-
tended to support the analysis of large datasets; therefqri¢ was crucial that
the processing be done closest to the data source, aligninighvthe concept of
pushdown processing83][82]. This technique involves applying possible data
transformations directly at the database level, reducingealays caused by the
need to fetch huge amounts of data to be operated on elsewhestten losing
out on the processing optimizations o ered by modern searobngines. By
implementing pushdown processing, user-built queries atensformed into
gueries understandable to the data store and sent to it for eimized data
retrieval [118]. The analysis engine, instead of fetchindié data and then
transforming it inside Python, uses elasticsearch-dsl-pgp carry out the rst
few steps of data processing directly within Elasticsearche. operations like
Itering, sorting, aggregating, applying aggregation Iters, or molding data
into a particular format necessary for further processingAs a result, the size
of the returned data is much smaller and often closer to the a result than
otherwise. These benets are augmented by Elasticsearchosit-of-the-box

guery caching and distributed data handling capabilities.

Query Optimization with Elasticsearch-dsl-py: In traditional data pro-

cessing scripts, operations are often executed sequetyiaEach line of code,
such as a single lter triggers an immediate operation for st result to be uti-
lized in subsequent operations. This approach limits the dlities of modern
libraries and search engines to optimize query executiorge executing multi-

ple lters in a single dataset pass. Query Optimization invives the evaluation
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of multiple potential execution plans to select the one thaminimizes the cost
in terms of processing time and resource consumption.

Utilizing Elasticsearch-dsl-py, SoDa-TAR, embraces a lazy evaluation ap-
proach to execute search queries, creating a \search objetd encapsulate
multiple operations by chaining them within a single requés The VQL en-
gine gathers all user-placed lters, splits, aggregationaggregation lters, and
sorting functions, as well as operations needed to mold a tegt-response into
a speci ¢ input format for subsequent operations, into a sgle search object
in the back-end. When a subsequent operation like bucketingquires the
result of this combined search object, a single API request msade to Elas-
ticsearch at that speci c moment, rather than multiple, isdated requests at
a time when the result might not be required. Elasticsearchielligently op-
timizes the execution of the search object by reordering a@éions internally
to minimize processing time and resource consumption. Alssince the entire
guery is sent to Elasticsearch as a single uni ed request, dte’'s a reduction
in latency, and the need to wait for one operation's comple&in before starting
another is eliminated.

The Elasticsearch querying capabilities of the analysis gime make use of

the following query and aggregation constructs:
" Range Queries [85]
" Term-level queries [109] like term [108], wildcard [123]nd terms [111]

" Bucket aggregations [16] like variablsvidth _histogram [117], Iter [37],
and terms [110]

Pipeline aggregations [78] like bucket selector [17] andemnded stats_bucket
[36]

" Metric aggregations [68] like avg [9], cardinality [19], ahtop_hits [114]

Scripted Metric Aggregations [98] in multiple phases (initmap, combine,

reduce)

36



Bucketing

The bucketing functionality in the Analyzer engine, used focreating buckets
within a dataset to compare them against each other, or save garticular
bucket for future use, utilizes a variety of Python modulesrad libraries. The

primary ones used are shown in Table 3.1.

Table 3.1: Libraries used for the bucketing functionality

Module/Library | Used for
Pandas [77], Numpy [75] Data Manipulation
jenkspy [56]| Jenks Natural Breaks
gensim.models [41] Loading word2vec model
transformers [51]| Classi cation
sklearn.cluster [95] K-Means
hdbscan [112] HDBSCAN

Statistical Analyses

SoDa-TAP,, includes the statistics modules listed in Table 3.2 below. He

purpose of each measure/test is explained in Example 3, inc§en 3.2.2

Table 3.2: Libraries used for the statistics functionality

Module/Library \Measure/Test
elasticsearch-py [42] Descriptive Statistics
elasticsearch-py [42] Correlation
elasticsearch-py [42] Covariance

sklearn.cluster [95] T-test

statsmodel.api.stats [103] AN(C)OVA
statsmodels.multivariate.manova [103] MAN(C)OVA

3.4 Interactive Dataset Exploration

The Dataset Preview tab provides the user with high-level sights into the
available datasets, including pie charts, treemaps, and alile view. A drop-
down in the toolbar lists available datasets fetched from Bbticsearch. A
refresh button is provided to fetch the newly created sub-dasets and update

the drop-down with them without needing a page-reload. Theoblbar consists
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of analysis icons representing the type of analysis that wibe done on the
entirety of the dataset, along with the type of chart that wil be generated,
indicated by a mini-icon on the bottom right of the image. Thename of the
analysis is also displayed upon hovering over the icon. Thedibar can be seen

in Figure 3.4, consisting of the following buttons, from lefto right:
" dataset selection dropdown and dropdown refresh button lwsv it.
table view of the entire dataset.

pie-charts of the distribution of hashtags, handles, and emjis, respec-
tively.

treemaps representing distributions of emotions, big- vpersonality traits,

personal values, and humor respectively.

sunburst charts representing distributions of emotions, ify- ve person-

ality traits, personal values, and humor respectively.

00 R G YN8 Y,

Figure 3.4: Dataset Preview toolbar

Table View  Figure 3.5 shows the table view. The table view is created
using DataTables [27], a jQuery plugin that transforms stastard HTML tables
into interactive tables capable of handling large datasetwith features like
pagination. We use its server-side processing feature tondynically populate
the column names using the Elasticsearch index mapping. Thews are lled
by fetching a sample of documents from the index, as speci &g the \show n

entries" drop-down and the page number selected, on-demaridr e ciency.

Visualizations  Figures 3.6 and 3.7 demonstrate an example of a treemap
and a sunburst chart respectively, retrieved for a dataseegarding immigra-
tion. The plots are interactive and can be zoomed in and outna a category

can be clicked to expand it for a closer look.
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Show 10 ¢ |entries

author_followers_count author_following_count author.id author_name author._verified created at

734 2039 177134474 Terrance Wishart FALSE  2020-11-21T12:54:15... 1330132418687332353 en
64 729 933763559359594496 Ed Hale FALSE  2020-10-22T722:06:02.... 1319399643373998081 en
3 35 3100039587 Peter Hopley FALSE  2020-11-24T12:5520...  1331219852690853891 en
5996 1186 141009810 Earth Soldier Lifestyle FALSE  2020-10-08T14:3837..  1314213616543911939 en
17 101 1296946097231814656  Hans Peter Meyer (aka... FALSE  2020-11-21T06:27:58...  1330035206103953410 en
65 89 972478664 Denise Wanchulak FALSE  2020-12-16T17:13:32.... 1339257363476312064 en
5996 1186 141009810 Earth Soldier Lifestyle FALSE ~ 2020-12-15T17:27.40...  1338898533869563904 en
74 426 1176538423303319552 Virtual Nonsense FALSE  2020-10-08T14:18:35.... 1314208573165981703 en
527 bl 3550412360 kara FALSE ~ 2020-11-20T18:4643...  1329858728477171713 en
3502 426 1044738781171961856 Greg McLean TRUE  2020-11-137T193734...  1327334812567302144 en

Showing 1 to 10 of 298 entries Previous n 2 3 4 5 N 30 Next

Figure 3.5: Table View

tradition self_direction benevolence

Figure 3.6: Sample Treemap for Personal Values

The plotting in SoDa-TAP,, is done using \Plotly.js" [80], a charting li-
brary that enables the creation of highly interactive visubzations. The current
system iteration renders the plots directly on the clientigde, allowing for the
convenient interactivity features that \Plotly.js" o ers out-of-the-box. This
includes features like zooming, panning, saving plots, hnd)/showing portions
of the plot, and hovering for detailed insights. However, tli interactivity
comes at a cost, since client-side rendering can occasityhalut an unneces-
sary burden on the client for massive datasets. To minimizéis burden, we
ensure most of the data manipulation is done on the servedsibefore the data
is sent to the client, only requiring the client to do minimaldata manipulation
to mold the data into a format necessary to generate the plotAdditionally,
to overcome this problem, we have implemented two alterna® server-side
rendering approaches, one available in the current iteram and the other as

our preferred approach for the next SoDa-TAR iteration. In our rst al-
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Figure 3.7: Sample Sunburst Chart for Emotions

ternative approach, we use \Pyppeteer" [84] to perform seev-side rendering
with a headless browser that renders the plot and saves its HTMcontent.

This HTML content is then sent to the client to be displayed. Ths approach
currently works with all our plots but unfortunately causesthem to lose out
on their interactivity, only displaying a static image. Thesecond alternative,
which will be our preferred approach in the next iteration, s currently im-

plemented for some of the plots. It generates the plots on tleerver-side in
Python, using the \plotly.express" [79] package, which aws the creation of
HTML that includes the interactivity component. The client-side can then

access this interactive plot generated on the server-sidAdditional exam-
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ples of the generated plots available in SoDa-TAE can be seen in Chapter 4

(Evaluation).
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Chapter 4

Evaluation

We used our system to analyze two datasets, listed in Tablel4.with three
separate studies. Our work with the rst dataset was formatre for our system:
the study (Energy Conversations) was conducted in parallelith the system
development and provided requirements for its developmeniThe other two
studies (Immigration Conversations, and Replication Stug) were evaluative
and were conducted after the system development was compglét The \Im-
migration Conversations" study used the \Immigration-Sarple" dataset, and
the \Thesis Replication” study used the \Energy-East" dateset from the rst
study.

In total, we conducted four experiments: (i) a study of the opiions and
sentiments of Twitter users discussing energy projectsj)(a brief comparative
analysis of in uential and non-in uential users discussig the Immigration and
Travel Ban announced by the Trump administration; (iii) the replication of
an undergraduate thesis-level Twitter study; (iv) a systemtic performance

evaluation.

4.1 Energy Conversations

This study was conducted in parallel with the development ofhe system,
and, to a degree, informed the design of its functionalitieslt is currently
under review in an RSO (Research in the Sociology of Organimms) [88]
volume titled "Moving beyond the microfoundations and maarfoundations of

institutions".
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Dataset

from (DD-MM-YYYY)

Table 4.1: Datasets

to (DD-MM-YYYY)

Description

Energy-East

07-06-
2013

o
S| #Tweets
D
)
»
=

16-06-
2021

@ #Authors

o)
o
g

The dataset
trieved
twarc2)
tweets

(re-
using
contains
regarding
the controver-
sial energy-east
pipeline project in
Canada.

Immigration-
Sample

30-01-
2017

20-04-
2017

1,000,00

D 526,216

The dataset is a
sample of a Har-
vard Dataverse
dataset [64] con-
taining tweets re-
lated to the Trump
Administration's
immigration  and
travel ban execu-
tive order.

In this study, we explored what people had to say about the Engy East

Pipeline, as part of a broader project on energy system traiasmation and

contestation [47].

TransCanada Pipelines announced the680 km project

on August 1, 2013, to carry 1.1 million barrels per day of diled bitumen

from western Canada (primarily Alberta's oilsands) and NorthDakota US

to re neries in central Canada (primarily Quebec) and New Braswick on the

east coast. Other highly controversial topics being contgmraneously debated

were the oilsands' greenhouse gas emissions and tailingags) expansion of
the Keystone XL pipeline in the US, pipelines leaking into the &at lakes, and

Indigenous sovereignty over their lands. This project wasrdlematic of these
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broader issues and, thus, became heavily debated among npié groups on
economic, political, environmental, and moral grounds. Alttough the project
ultimately was cancelled by TransCanada on October 5, 201#energyeast

continued to feed pipeline debates for years afterward.

Data Collection

We utilized the Twitter API's full-archive search endpoint to identify all tweets
with the \#energyeast" hashtag. Using the tweet IDs and twar@ [115], we
rehydrated these tweets and their attached images (if any)lhe resulting data
set contained a total of 144,561 tweets published between &uii, 2013, and
June 16, 2021. Included in this corpus were 28,319 tweets, @ Gweets with
an embedded quote, 107,867 retweets, and 4,680 replies.

Tweet metadata

We parsed and formatted the resulting set of tweet objects drthen extracted
and computed: (i) the tweet's text; (ii) its follow-up metrics: retweetcount, re-
ply _count, likes count, quote count; (iii) created_at timestamp; (iv) the URL(S)
included in the tweet and their count (if any); (v) the hashtay(s) included in
the tweet and their count (if any); (viii) mention(s) of other users included in
the tweet and their count (if any). For each tweet, we comput its character
count with all the elements present. If a URL(S) was seen dugthis process,
we counted it with a xed value of 22, because of Twitter's URL Isortener.
We also calculated three in uence metrics: engagement ratensiders retweets
and likes (i), or retweets, likes, replies and quotes (ii),idided by the number
of followers of the tweet's author multiplied by 100. The ex@nded reach met-
ric is based on the number of retweets divided by the total nuber of tweets
by the author, multiplied by 100. The user's potential imprgsions metric is
based on the number of the user's followers multiplied by thetal number
of the user's tweet count [46][102]. We also gathered deptive information
about the user who posted the tweet, including (i) their pubt pro le met-
rics: followerscount, following count, tweet.count, listed count; (ii) whether

the user was veri ed; and (iii) their screenname. Based on these variables,
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we examined the tweets' multimodal combinations of text andmages. Malik
et al. [66] analyzed combinations of three modes: text, URLnks, and pho-
tos. We expanded on this to create a modality index rangingdm 1 (for a
tweet that has only text including the hashtag from the inital search \#ener-
gyeast") to 6 (for a tweet that includes text, URLs, hashtags di erent than

\#energyeast"), user handles, emojis, and photos).

Sampling tweets with text and image

Focusing on original tweets only (to eliminate duplicate irages in retweets),
a total of 5,696 images were identi ed. To simplify the analsis and preclude
the introduction of confounding variables implicit in the n uence of multi-

ple images within a tweet, we ignored tweets with links to mtiple images,
which left us with 5,011 images. Finally, we sorted the corrgending tweets
chronologically based on the tweet's creation timestampnd we sampled every
fth tweet to collect the dataset of 1,000 tweets, along withtheir accompa-
nying text, images, and the in uence metrics de ned above,&., engagement,

extended reach, and possible impressions.

Labeling text and images

We used OpenAl's GPT-3.5 Turbo Instruct API to label tweet text and
Google Cloud Vision API along with a HuggingFace model to claggiim-
ages. The procedure for text labeling and image labeling adetailed in 3.1.2,
under the headings "GPT 3.5 Turbo Instruct API integration” and "Fact vs

Emotion Image Classi cation" respectively.

1) What types of users frequently tweeted about #EnergyEast, and
what did they talk about? We used the author tweet count lter to create
a data slice containing tweets by users who posted more thafQLtimes, as
shown in Figure 4.1. We then used the table view on our previeval to
observe the types of authors and what they were talking about

We noticed that although there was a total of 144,561 tweet® iour cor-

pus, the conversation was highly concentrated among a fewcaants. Only 141
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Figure 4.1: Create data slice of tweets by users with 100-pltieets

users (re)tweeted about #energyeast more than 100 times dng our study

period. Of these, 103 were individual people, 35 were orgzations, and three
were suspended or deleted accounts. This concentrated gyoof users also
tended to take political positions towards the pipeline: 4%32%) were envi-
ronmental activists and 50 actively criticized all politians (28%), conservative
politicians (5%), or Prime Minister Trudeau speci cally (10%). There were
fewer moderate voices: eight supported Indigenous right6%), seven were
media outlets (5%), ve supported sustainable developmer(%%), ve were

energy activists (4%), one was a government agency (Canadiénergy Regu-
lator), and one was a politician.

2) How does tweet length a ect viewer engagement on #EnergyEast
Tweets? We used our \inter-dataset comparison work ow", along withthe
\quartile breaks" block to see the impact of character counbn four elds;
number of likes, number of retweets, number of quotes, andmber of replies.
The query for observing the number of likes within quartiless shown in Figure
4.1. The variable in the boxplot can be changed for the otherelds.

Figure 4.3 shows the results of the queries for each variabl&/e found
that tweet length exhibited an inverted U relationship withviewers' responses.
In our preliminary analysis, these boxplots are largely oviapping, and the
di erences are not statistically signi cant. Follow-on mutivariate analysis will
include other user and tweet-level variables to sharpen oanalysis. It appears

that relatively shorter original tweets, albeit not too shat (i.e., tweets in the
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Figure 4.2: Compare number of likes in quartiles, based on tatecharacter
count

second quartile in terms of length), and tweets with a high @racter count
(i.e., tweets in the fourth quartile in terms of length), boh tend to garner
larger response rates. There are potentially two reasons yhweets that were
neither too short nor too long were seen as more engaging: tligy were text-
only messages, which made them simple to digest; and (ii) theontained text
plus several URLs, which arti cially increased their charaer count without

complicating their message. This may be because they thougihorter texts

would be easier to read, parse, and understand. Hence theighhifollow-up
interaction particularly with semi-short messages couldllaw the user to have
a faster reaction time while not spending too much time tryig to understand

a long text.

3) How do di erent multimodal elements in tweets impact viewer
engagement and response rates?  The multimodality-index is calculated
during the ingestion phase. There are multiple ways to get acare from 2
to 6. The index adds up for any element present in the tweet jte URL,
hashtag (di erent than \#energyeast"), handle, emoji and photo]. Besides
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Figure 4.3: Tweet length versus viewer response

48



the count of multimodal elements, we also measure the preserof images |
which is the single most in uential multimodal element for @agagement rate.
To measure the impact of the multi-modality index on viewer gsponse rates,
we used a query similar to , simply replacing the \texichar_count" variable
with the \multi-modality index" variable.

Figure 4.4 reports the relationships between tweet multimadity and view-
ers' response. As can be seen in the four boxplots, more multidal tweets
have distinctly higher responses (retweets, quotes, regsi likes) than text-only
tweets. There were three predominant indexes: 2, 3, and 4, erk 3 contained
the highest number of tweets. This means that the presence aif least three
elements was mostly used by tweeters. By inspecting the inéetions, we
observed that ‘likes' and ‘retweets' were the most predonaint ones, likely
because these responses are most easily accessible to.u$his analysis sup-
ports our hypothesis that tweets with multimodal elements g more likely to

capture viewers' attention, engagement, and response.

4) How do factual and emotional appeals in text and images in uence
tweet engagement?  As we analyzed the tweets, instead of o ering purely
emotional or factual claims, we found that users frequentlynvoked claims
that were factual and emotional, and utilized both text and images, resulting
in multimodal hybridized claims. Thus, rather than create a x 2 for factual
x emotional and text x image, we have created a 3 x 3 to includadtual +
emotional texts and images. Figure 4.5 shows examples of outalabeling
of tweets' factual versus emotional appeals in text in image

In the top left corner of Figure 4.5 is a sample tweet with factal text and
factual image. Fact-based text presented evidence as s#ditts and references
to experts others and fact-based value systems (econom&sgence, law, energy
security). Fact-based images gave complementary infornmah such as maps,
gures, and infographics.

In the bottom right corner of Figure 4.5 is a sample tweet with motional
text and emotional image. Emotional text invoked group-les! emotions like

shame and love; individual-level emotions like frustratioand anger; and val-
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“EnergyEast route. Eagle Lake to Shoal Lake, Treaty 3

EAGLE LAKE TO SHOAE LAKE. TREATY 3
ANISHINAABE WATER WALK

o (=% Q2 3] &4

(b) Factual+Emotional
Text & Factual Image

ign in Canada to oppose the foreign oil imports

@wﬁdolze

“ANTI-OIL” PROTESTOR

WHO CARES.

Take Aetion For Canada’s Fidture

\__ JOIN THE MOVEMENT. scarci: canson L]

1013 AM - M

(e) Factual+Emotional
Text & Fac-
tual+Emotional Image

(Ow Oil Sands Action
=k o0 ion

Tm aboriginal.
The been employed in

+he al sands for

18 yeans and
T'm Cil sands jﬂ
PROUD! (/L

(h) Factual+Emotional
Text & Emotional Image

will move US il to US refineries. Canadian ol for
Canadians? Yeah Right.

300 PM - May 23,2016

(c) Emotional Text &
Factual Image

economy $15.6 billion this year
nding for our sacial services.

8:35 AM - Aug 6,2018

(f) Emotional Text &
Factual+Emotional Im-
age

-
Funny how Ibeault and @equiterre have never organized a protest
or policy obstruction towards foreign oil tankers arriving in Canada..

Blocking #EnergyEast was not about protecting the environment.

BLECH!

(i) Emotional Text &
Emotional Image

Figure 4.5: Sample tweets for Tweets Text and Images (Factydtmotion or

Both)
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ues of self-transcendence, benevolence, universalisnd hadonism. The emo-
tional appeals were positive high-arousal emotions (exerent, attraction),

negative high-arousal emotions (anger), and negative I@vousal emotions
(frustration, fear). The emotional images focused on pead' faces to reinforce
the emotional appeals, and create emotional transferenand connection to
moral domains. Images were funny, cute, and often brightlyotored cartoons.

In the center of Figure 4.5 is a sample tweet with factual + ematnal
text and factual + emotional image. These hybridized claimsupported irony
(saying one thing while meaning another), hyperbole (ovexxaggeration), and
sarcasm (use of irony to mock) to create negatively-basedrhar. The focus of
actors' ire was the hypocrisy of politicians, energy deveglment policies, and
regulatory review processes.

The remaining cells of Figure 4.5 give sample tweets that hawarying
degrees of hybridized claims. Tweets with factual text andngotional images
gave numbers, statistics, and economic arguments in the texupplemented
with the faces of farmers, workers, and politicians. This gpt is ipped for
tweets with emotional texts and factual images. The text wasften a sarcastic
criticism of factual imagery like corporate logos, maps, @machinery. Factual
texts and factual + emotional images used a hybridized vers of facts and
statistics with imagery that emphasized politicians' hyparisy, broken maps
with spilling oil, and poster-like appeals to activists. Emtional text and
factual + emotional images have emotional appeals and imag#hat emphasize

the hypocrisy of politicians, activists, and energy polies.

4.2 Immigration Conversations

This study conducted a comparative analysis of users with a érent degree of
popularity in a sample of the Harvard Dataverse Immigration ad Travel Ban
Tweets dataset [64]. The dataset contains tweets related the \immigration
and travel ban executive order announced by the Trump admisiration in

January 2017" [52]. We used SoDa-TAR to investigate two questions.
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1) Do tweets made by users with varying popularity exhibit di erent
sentiments? We use the bucketing work ow to assess this di erence. To
ensure we are working with very dense buckets, we conduct shparticular
analysis on tweets made by users with less than 10,000 fokwa: We rst
apply a tweet Iter to only keep the tweets where usefollowerscount is less
than 10,000. Then, we use the \uniform breaks" bucketing toreate 8 di erent
buckets with varying follower count ranges and use a boxpldb check the
distribution of tweets within these buckets. Figure 4.6 shosvthe relevant
query. 4.7 shows the resultant plot. As expected, the tweetsrfall buckets
generally have a negative sentiment since the dataset is alb@ controversial
topic. A preliminary observation from the plot might be thatexcept for the 7th
bucket, the median negative sentiment tends to get more negee as the user
follower count increases. We can use an ANOVA to get further iights into
these buckets' di erences. To do this, we simply replace thBox Plot block
in the query with an ANOVA block. Doing so, we get the following esults:
"F-Statistic = 3.34, p-Value = 0.00147". The results hint that there is a
statistically signi cant di erence between the means of tle buckets, and the
variation between the buckets is not due to random chance. Rher analyses
might be needed to con rm this.

“““““““““““““““““““““““““““““““

............................

Workflow

¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢

~~~~~~~~~

( . 5 . .
Dataset | immigration_dataset new * }{ . . . . . .

.........................

WSS RLEET (L ser followers_count - 10000

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

.............................

4444444444444444

Bucketing Based on | I Uniform Breaks * || - - -~~~ . ..

.................

# buckets a ..........................

..........................

Variable ( ............

.............

............................

PI t/St t ( D + + + + 4+ + + F F + E E F A A A A A E o+ o+
ot / Stats | Box Plot |
..................

\VZlEle =0l text sentiment * M. o . . o L

- L e e
..........................
....................................

“““““““““““““““““““““““““““““““““““““““““

Figure 4.6: Query - Sentiment of Tweets made by Users with vang popu-
larity
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Figure 4.7: Plot - Sentiment of Tweets made by Users with varyghpopularity

Additionally, we can use a faceted box plot to observe wheth#his relation
between users' follower count and text sentiment di ers b&teen veri ed and
non-veri ed users. This type of faceted plotting is usefuld observe the impact
of a moderating variable on the relation between two other veables. Figure
4.8 shows how such a faceted box plot can be created and gur® 4hows the
resultant plot. A possible observation might be that while eri ed users in the
three least in uential categories of users tend to have morgegative tweets in
general than their non-veri ed counterparts, this doesn'tseem to always be
the case as the follower count increases. Further analysssrieeded to make
any concrete claims. SoDa-TAR allows the creation of faceted scatter plots

and faceted violin plots as well.

Workflow S

Filterer | B e
Dataset thousand sample: v B

UESSRLEE 1 yser followers_count « | (- 0 )| -1 B 10000 ‘ [

Bucketing Based on | Uniform Breaks * || -~~~ -~

# buckets a .....................................

o
VEUELIEE user_followers_count ~

Plot/ Stats | Faceted Box Plot IS S
L (| rrr—
Noarabie B Uscr verified v B 5 - s s v s s s s e a e s

Figure 4.8: Query - E ect of a moderating variable
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Figure 4.9: Plot - E ect of a moderating variable

(2) Is there a dierence in the phrasing of tweets between users

with varying popularity? Do the words used demonstrate di erent

big- ve personality traits?

To assess this di erence, we create 9 di erent

data-subsets to generate treemaps for each of them. We use tireate-data-

subset work ow along with a bucket-picker using natural braks, to create 9

di erent data-subsets one by one. We only consider tweets akers with less

than 100000 followers to ensure dense buckets. The deteradmatural breaks

are shown in Figure 4.10.

user_followers_count

|

OOEO@ED

0.000 - 1244.000
1244.000 - 3831.000
3831.000 - 8345.000
8345.000 - 15245.000
15245.000 - 24715.000
24715.000 - 37916.000
37916.000 - 54627.000
54627.000 - 74796.000
74796.000 - 99943.001

Figure 4.10: Followers data-subset ranges for immigratiorathset

Figure 4.11 shows how we save the rst bucket created with natal breaks

as a new data-subset.

We run the same work ow 8 times changing the bucket number eladime

to create 9 di erent data-subsets based on natural breaks. &\then lter each

data-subset to retain a maximum of 10000 tweets in each dasatset to ensure
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Figure 4.11: Create data-subset work ow with bucket-picker

consistency in density across data-subsets. We regard thest 3 sub-datasets
as tweets by low-in uence users, the second 3 as tweets by rugd-in uence
users, and the last 3 as tweets by high-in uence users. Ondeetdata-subsets
are created, we use the data preview tab to construct treemamf big- ve
personality traits for each data-subset. Figure 4.12 shows3x3 grid created
using the treemaps of big- ve personality traits for the 9 d&-subsets. They
are placed in order of a growing number of followers.

() Low Inuence - 1 (b) Low In uence - 2 (c) Low Inuence - 3

(d) Medium In uence - 1

(g) High Inuence - 1 () High In uence - 3

Figure 4.12: Big-Five Personality Traits For Users with Varyimg Popularity

A quick observation looking at Figure 4.12 is that although th rst ve

data-subsets (Low In uence-1 to Medium In uence-2) stricly exhibit the or-
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der agreeableness>-neuroticism = openness, this order tends to shift within
users with higher in uence (Medium In uence-3 to High In uence-3) who typ-
ically start exhibiting a higher amount of openness, with opnness as the most
dominant trait in the last 2 treemaps (High In uence-2 & High Inuence-3).
Therefore, it might be up for speculation that users with a Igher in uence
tend to demonstrate more openness, while less in uential &s tend to be
more agreeable.

Note: It is important to realize that we have made the above olesvation
based on the change in the dominant order of personality ttai and not
simply based on the frequency of the appearance of words imggal. This is
because the distribution of words across the treemap is lalg in uenced by
the dictionary used, and one category (e.g. agreeablenesspht have more
common words than the other categories; therefore it mightaturally appear
higher up in the list. However, as we have observed, the shiftj order in
the frequently used words might indicate a di erence in bigve personality
traits across lower and higher in uence users. Additionallythe purpose of
this particular analysis is only to demonstrate how SoDa-TR,, can be used
to make preliminary observations using its preview featuse As such, further

observation is required to make any concrete claims.

4.3 Replication study

To evaluate the generality of SoDa-TAR,, we replicated some of the methodol-
ogy of a research study. Our approach was not aimed at replicay or verifying
the exact results of the study, since we are using a di erentatiaset, but at
demonstrating that our platform can e ciently handle the analyses commonly
required in such studies. As such, we make no statements abthe quality or
accuracy of the research but simply demonstrate how the ststics and plots
generated in it can conveniently be generated on our platior We demon-
strate each of the relevant queries on our VQL, and the resaltt plots, high-
lighting the platform's ability to generate comparable visializations quickly

and conveniently. The original study we attempt to replica¢ the methodology
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Figure 4.13: Examining descriptive statistics for a varialel (Step 1)

of is a senior honors thesis work, titled \Understanding the &ctors that In u-

ence Tweet Popularity” [55], completed at the University of N Hampshire.
We chose this study as it contains multiple visualizationsrad is straightfor-
ward enough for us to demonstrate some basic functionalityf our platform.
We will take a step-by-step approach, mentioning a step takein the paper,

and then demonstrating the equivalent methodology on our atform.

1) Step 1. The study lists the descriptive statistics for each of the
variables used in their regression model, stating the mean, median,

and standard deviation of each variable. Using SoDa-TAR, we can
use the statistics work ow, as shown in Figure 4.13, to gendmthe descrip-
tive statistics for a variable, returning its min, max, aveage, sum, sum of
squares, population variance, sampling variance, stanadhdeviation, popu-
lation standard deviation, sampling standard deviation, tendard deviation

bounds, skewness, and kurtosis.

2) Step 2: The study conducts regression analysis, using a single
dependent variable and multiple independent variables. Using the
SoDa-TAP,, statistics work ow supports the application of several stastical
tests conveniently on the columns of a dataset. A similar ahgsis our system

allows is an ANCOVA, as shown in Figure 4.14, returning the sum ofjgares
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(quantifying how much of the variability in the dependent vaiable can be
attributed to each independent variable), the degrees ofdedom for each vari-
able, the F-statistics, and the PR > F ) value (associating the p-value with

the f-statistic) for each variable.

Figure 4.14: Statistical Analysis of the in uence of three dierent parameters
on the number of "likes" a post receives. (Step 2)

3) Step 3: The study then proceeds to conduct sentiment analysis

on tweets using the MeaningCloud API. Our data pipeline conducts
aspect-based sentiment analysis on tweets during the inea phase, using
the VADER library, and appends the sentiment as a eld to each dcument in
the index, where the sentiment is a number within the range Q (extremely

negative) to 1.0 (extremely positive).

4) Step 4. The study demonstrates the distribution of the 1022
most impactful tweets, based on sentiment. Using the SoDa-TAR,
intra-dataset comparison block, we can sort the tweets basen their number

of likes in descending order, keeping the rst 1022 tweetsteating 5 uniform
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buckets using the text sentiment eld, and using a pie chartd demonstrate
the distribution within each bucket, as demonstrated in Figee 4.15a. The

resulting plot, compared to the plot from the study is shownn Figure 4.16.

(@)

(b)

Figure 4.15: Intra-dataset comparison using Bucketing with Uform Breaks,
Visualized with two di erent types of plots: (a) a pie chart ard (b) a box plot.
(Steps 4 and 5)

5) Step 5: The study demonstrates the average number of likes and

retweets based on sentiment. Using SoDa-TAR,; we formulate this query
similar to the previous one, simply replacing the pie chart ith a boxplot using
like_count as the input variable, as shown in Figure 4.15b. For theumber
of retweets, the input variable can simply be changed to regetcount. The
resulting plot, compared to the plot from the study, for aveage number of

likes, is shown in Figure 4.17.
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Figure 4.16: Replicating the original study pie chart. (Stept)

6) Step 6: The study examines the distribution of tweets made by

veried and non-veried users in the top 1022 tweets. Using the
SoDa-TAP,, intra-dataset comparison block with unique/discrete buagting,
we can create buckets based on the autheeri ed variable, that can then
be compared using a pie chart as shown in Figure 4.18. The reant plot,

compared with the plot from the original study is shown in Figee 4.19.

7) Step 7. The study calculates the correlation between the number

of followers and the number of likes, and generates a scatter plot

to visualize it. Using SoDa-TAR,,;, we can use the statistics work ow to
calculate the correlation between the two variables as shown Figure 4.20a.
To generate the scatter plot, the intra-dataset comparisoblock can be used,
using the nabucketing block to specify that we won't be creating any, ah®wn

in Figure 4.20b. The scatter plot from the original study, corpared with the

one generated in SoDa-TAR is shown in Figure 4.21.

4.4 VQL Performance Analysis

We evaluate the performance of the VQL by recording the timeaken to carry
out several operations. The analysis is conducted on a Linaxachine with 16
cores and 56 GB of RAM.

The performance was tested on 5 di erent datasets with incesing sizes:
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Figure 4.17: Plotting the average number of likes (Step 5)

D1: A dataset containing energy-related tweets curated dung the de-
velopment of version 1, with approximately 300 documents.

D2: A dataset containing Jason Kenney's Tweets, curated dung the

development of version 1, with approximately 10,000 documis.

D3: A dataset containing tweets debating the energy-eastpline, cu-
rated during the development of version 1, with approximatg 150,000

documents.

D4: A sample from \The Pushshift Telegram" dataset [11], cdaining
approximately 350,000 documents.

D5: A sample from the \Harvard Dataverse Immigration and Trael Ban

Tweet Ids" dataset [64], containing approximately 1 Millim documents.

It is important to note that:
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Figure 4.18: Examining veri ed and non-veri ed users (Step )6

Each dataset has di erent characteristics that can a ect tle execution

times.

The execution times are only for the rst execution of the qug. For
subsequent executions, the results will be retrieved immiatkly from the

cache.

For bucketing using clustering, the manual version of K-Me® should
be used for bigger datasets. The automated k-means approacdins the
k-means algorithm multiple times to determine the optimal omber of
clusters. As such, it is only suitable for small datasets. TheélDB-
SCAN implementation is expensive as well and is only suitabfer small

datasets.
The performance was tested for the following operations:
" OPL1: retrieve 2 string elds for the entire dataset

" OP2: retrieve 2 string elds for the entire dataset (including sorting with

numeric eld)
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Figure 4.19: The numbers of veri ed and non-veri ed users (8p 6)

OP3: retrieve 2 string elds with comparison lIter (text _sentiment > 0)
OP4: position Itering

OPS5: retrieve 2 string elds with a tweet count lter (between 2 and 30
tweets)

OPG6: retrieve 2 string elds with author metric Iter (avg te xt_sentiment
>0)

OP7: retrieve 2 string elds with a count comparison Iter: count(text _sentiment

>0) > count(text_sentiment <0)

OP8: Bucketing using text content with K-Means (manual with2 clus-

ters) - including text vectorization

OP9: Bucketing using text content with automated K-Means (maltiple

runs) - including text vectorization

OP10: Bucketing using text content with HDBSCAN - including text

vectorization
OP11: Bucketing using Jenks Natural Breaks with 3 buckets

OP12: Bucketing using Uniform Breaks using Natural breaks wit 3

buckets
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(@)

(b)
Figure 4.20: Followers and Likes (Step 7)
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Figure 4.21: Scatterplot Comparison (Step 7)
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" OP13: Bucketing using Quartile Breaks

Table 4.2 shows the time in seconds for each of these openasioAuthor-level
ltering operations could not be conducted on D4, as it doedncontain an
author_id eld for aggregation. Figures 4.22a, 4.22b, 4.22c, and 2@ show
graphs of these operation times. Computationally inexpeng and expensive

bucketing operations are separated into two separate grapto avoid scaling

issues.
Table 4.2: Dataset Operation Times
Operation vs D1 D2 D3 D4 D5
Dataset
OP1 0.01s | 0.66s | 3.41s | 10.12s | 3557s
OP2 0.01s | 0.71s | 3.72s | 10.35s | 40.36s
OP3 0.0043\ 0.97s \ 2.20s \ 2.65s \ 12.83s
OP4 negligi- | negligi- | negligi- | negligible | negligi-
ble ble ble ble
OP5 0.03s 0.03s 0.12s not 5.08
applicable
OP6 0.04s 0.05s 0.63s not 5.45s
applicable
OoP7 0.05s 0.03s 0.84s not 7.61s
applicable
OP8 0.98s \ 5.90s \ 22.125\ 58.71s \ 135.94s
OP9 3.31s \ 23.395\ 841.353\ - \ -
OP10 0.36s \ 21.405\ - \ - \ -
OP11 0.02s \ 0.86s \ 48.395\ 275.67s \2472.983
OP12 0.01s | 0.31s | 4.45s | 10.34s | 29.64s
OP13 0.01s \ 0.28s \ 4.63s \ 10.81s \ 29.76s
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(a) Operation times for tweet-level re- (b) Operation times for author-level re-
trievall ltering operations trievall ltering operations

(c) Operation times for inexpensive (d) Operation times for expensive buck-
bucketing oeprations eting operations

Figure 4.22: Execution time for various operations
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Chapter 5

Conclusion

5.1 Contributions

This thesis and SoDa-TAR, make the following contributions to the state of
the art.

First, it provides a simple data-ingestion and analysis pigi@e for social
data. This pipeline extends the corresponding component tife rst version

of the tool in several important dimensions.

" A variety of data-labeling tools in the form of classi ers baed on LLMs:
SoDa-TAP,, incorporates multiple HuggingFace models, that enable au-
tomated categorization and tagging of social data. These mels have
been handpicked to allow classi cation across a wide rangeaategories,

including toxicity, irony, sentiment, political bias, nancial topics, etc.

Image analysis with the Google Vision API: The multifaceted rtare of
social data necessitates that images accompanying the tecdn also be
analyzed. This is particularly important as our energy-eascase study
4.1 indicates that oftentimes, images have the most dominaimpact on

a reader's interaction with the post.

" Labeling with GPT 3.5 Turbo Instruct API: SoDa-TAP,, allows conve-
nient interaction with the Instruct API to facilitate tasks | ike classi ca-
tion, removing the need to train an in-house model for smalhéxpensive

use cases.
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Elasticsearch as the data store: The distributed storage drdata ma-
nipulation capabilities of Elasticsearch, along with its ich Query DSL
serve as the backbone of SoDa-TAPs Itering and analysis capabilities

post-storage.

Second, it provides a visual query language through which main experts
with little to no programming knowledge can review their da& and evaluate
hypotheses of interest. Through our evaluation experimesitwe have demon-

strated that the SoDa-TAP,, VQL possesses several desirable attributes.

" It is easy to use, featuring an intuitive drag-and-drop intdace based on
the Blockly language editor. This visual programming paragm often
feels more familiar to users, lowering the barrier to data atysis for non-
experts, as well as domain experts lacking experience withaditional

programming languages who want to engage directly with thredata.

It is expressive, enabling users to Iter and slice datasets create dis-
tinct sample sets and save them for future use, perform aggedions,
categorize data into buckets through classi cation, clugring, and nat-
ural breaks, and compare these buckets using statistical @gses and
visualizations. Sections 4.1, 4.2, and 4.3, reporting twduslies by our
group as well as a replication of an extensive third-party sy, document

the language's expressiveness.

SoDa-TAP,, scales well, as the performance analysis study in Sectiod 4.
demonstrates. The performance is evaluated on ve dataset$ varying
sizes, containing 300, 10000, 150000, 350000, and 1 millmcuments,
respectively. It exempli es the system's ability to conduta variety of

operations e ciently on even the biggest dataset.

Finally, the system provides a simpli ed user interface for red-users to
interact with all the system's aforementioned features fra the comfort of a

browser tab.
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5.2 Future Work

Analyzing Images and Memes Contained in Tweets

SoDa-TAP,, currently relies on Google Vision API for some of its image anal
sis capabilities, which can prove to be expensive for largatdsets, and doesn't
encapsulate all the potential analysis that can be conduateon social media
data. A console application o ered by SoDa-TAP version 1 is ab available
but is extremely expensive computationally. Future work ans to introduce an
e cient image analysis component to support a variety of ineresting features.

Facial Expression Recognition for Sentiment Analysi$Ve intend to train a
facial expression recognition model to assess the sentimeonveyed by faces
within images. This model will be trained on the FER-2013 datet that
categorizes facial expressions into seven categories: endisgust, fear, happy,
sad, surprise, and neutral, within 32000 images.

Perception Analysis of Imageslo address the challenges of image context
and viewer perception, we plan to implement a model like EmolNeEmoNet
is trained to recognize the emotion perceived by viewers frovisual content.
It categorizes perceptions into twenty emotions, includim i) Craving ii) Sex-
ual Desire iif) Romance iv) Disgust v) Entrancement vi) Inteest vii) Aesthetic
Appreciation viii) Horror ix) Empathic Pain x) Anxiety xi) Bore dom xii) Con-
fusion xiii) Adoration xiv) Surprise xv) Joy xvi) Fear xvii)) Amu sement xviii)
Sadness ix) Awe and xx) Surprise. As images are di cult to categize, and
the context is often vague, such an analysis will provide bter context into the
'intention’ of the image, and what emotion it was supposed tinduce, rather
than simply the emotion displayed.

Contextual Understanding through Action Recognition and Scene Analysis
We intend to use action recognition and scene understandingpdels to identify
activities and settings within an image, to infer thematic Eements and the
overarching sentiment, e.g. "joy" in an image of children plying.

Utilization of Saliency Maps to Focus Image Analysigo aid the compu-
tational viability of the above analyses, we aim to employ $i&@ncy maps, to

highlight regions within images most likely to attract viever attention. Tools
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such as Keras-vis support the creation of these maps, whichncdirect the
analytical models to the most pertinent areas of an image. Thtechnique will
be particularly useful to reduce the area of the image that Isato be analyzed,
making the computationally expensive image analyses mor@able within our

tool.

Cloud Migration

In future iterations, we plan to migrate SoDa-TAR,, to a cloud platform like
Google Cloud Platform (GCP). While our current setup with op@-source tools
has been e ective, such setups can cause frequent developtreend manage-
ment challenges, as we have experienced with SoDa-TAPThe biggest prob-
lems we have faced are complex con gurations, concerns likgrsion con icts
and di cult interoperability of di erent tools, and mainte nance overheads on
development time. These issues are expected to become iasiregly problem-
atic as the system is extended further and as data processidgmands grow.
A managed data pipeline solution with a cloud provider inst&d o ers the sta-
bility necessary to extend such a system with a small team &kours, without
running into maintenance issues continuously. Using sereg like Google Ku-
bernetes Engine (GKE) will help in the orchestration of Doodr containers,
allowing e cient resource management and automated scaljn For message
gueueing, Google Cloud Pub/Sub can replace Kafka, to prowda properly
con gured scalable messaging service, more e cient than ainimally con g-
ured local Kafka setup. A migration to a cloud platform like GCP will also
naturally make it easier to use tools like Google Vision, as ats by a single
cloud provider are con gured for optimal interoperability Lastly, the mon-
itoring and management solutions that accompany these taolwill provide

comprehensive oversight and control over all componentstbe pipeline.
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Appendix A
The VOQL BNF

<work ow >::= <inter-dataset-comparisor | <intra-dataset-comparisor» | <data-

subset-creatiorr|< statistics-work ow >

<inter-dataset-comparisom::= <multiple- lterers > <comparative-analysis

<intra-dataset-comparisor::= <lIterer > <bucketing> <comparative-analysis

<data-subset-creatior::= <lterer >\new-dataset-name"| < bucket-picker>\new-

dataset-name"

<statistics-work ow>::=< lterer ><stat>

<multiple- lterers >::= <lterer > | < lterer > <lterer >

<comparative-analysis::= <plot>|<stat>

<lterer >.:= <tweet- Iterer > | <author- Iterer >

<bucketing>::= <continuous-bucketing> | <discrete-bucketing> | <clustering>

| <no-bucketing>

<bucket-picker::= <lterer ><bucketing>\bucket-num"
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<stat>::=\descriptive-stats" | \Covariance & Correlation”| \t-test” | \AN(C)OVA" | \MAN(C)OVA"

<plot>::=\pie-chart" | \box-plot" | \violin-plot" | \scatter-plot" | \faceted-box-plot"| \faceted-

violin-plot" | \faceted-scatter-plot”| \line-plot"

<tweet- lterer >::= <dataset> <tweet- lters >

<author- Iterer >::= <dataset \pre-sample-size"<author- Iters >

<continuous-bucketing::= <continuous-bucketing-algorithn» | \num-buckets"

| \numeric-variable"

<discrete-bucketing::= \any-type-of-variable"

<clustering>::= <clustering-algorithm> \num-clusters (optional)"

<dataset>::= \any-index{or-alias"

<tweet- Iters >::= <tweet- Iter > | <tweet- lter > <tweet- Iter >

<author- Iters >::= <author- Iter > | <author- Iter > <author- Iter >

<continuous-bucketing-algorithn®::= \Jenks-natural-breaks" | \breaks-with-uniform-

range" | \breaks-into-quartiles”

<clustering-algorithm>::= \auto-K-Means" | \manual-K-means"| \HDBSCAN"

<tweet- Iter >::= <range- Iter> | <comparison- Iter> | <sorting> | <position-

lter >

<author- Iter >::= <tweet-count- lter > | <author-metric- Iter > | <count-comparison-
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lter >

<range- Iter>::= (\numeric-variable" | \date-variable") (\number (from)" \num-
ber (to)" | \date (from)" \date (to)")

<comparison- lter>::= \any-type-of-variable” <operator (overloaded} \value-

compatible-with-variable-type"

<sorting>::= <sorting-order> \any-type-of-variable"

<position- Iter >::= \integer (from)" \integer (to)"

<tweet-count- Iter >::= \integer (from)" \integer (to)"

<author-metric- Iter >::= <aggregation-metric \numeric-variable" <numeric-

operator> \number"

<count-comparison- Iter>::= \numeric-variable" <numeric-operator \number"

<numeric-operator \numeric-variable" <numeric-operator \number"

<operator>::= \contains" | \does-not-contain" | < numeric-operator

<sorting-order>::= \asc" | \desc"

<aggregation-metric::= \average" | \minimum" | \maximum" | \sum" |

\median" | \median-absolute-deviation"

<numeric-operatop::=\ <" | \>" |\ "|\V "\ ="
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