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Abstract

Explosion in usage of social media has made its analysis a relevant topic of interest, and particularly so in the political
science area. Within Data Science, no other techniques are more widely accepted and appealing than visualisation.
However, with datasets growing in size, visualisation tools also require a paradigm shift to remain useful in big data
contexts. This work presents our proposal for a Large-Scale Twitter Observatory that enables researchers to efficiently
retrieve, analyse and visualise data from this social network to gain actionable insights and knowledge related with
political events. In addition to describing the supporting technologies, we put forward a working pipeline and validate
the setup with different examples.

Keywords: Twitter Analytics, Large-Scale Visualisation, Big Data, Social Media, Scalable Resolution Display
Environments

1. Introduction1

Social media provide a wealth of information that re-2

veals insights into current affairs and ongoing events [1,3

2], with recent years seeing an increasing interest in on-4

line social networks exploration [3]. Availability of un-5

precedented amounts of data about human interactions6

from different social networks opens the possibility of7

using this information to leverage knowledge about the8

diversity of social behaviour and the activity of individ-9

uals [4, 5].10

The focus of social data analysis is essentially on11

user-generated content and its dynamics. These data are12

rich, diverse and abundant, which makes them a relevant13

source not only for data science [6] but also in compu-14

tational social science, social media analytics, complex15

systems and knowledge discovery with social Big Data.16

As the use of online social networks has become17

mainstream, their role as agents for social change has18

also increased [7]. Their use in events ranging from19

the spread of political news, election campaigns and20
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protests has demonstrated their importance in the con-21

text of fomenting social change. While this was a well-22

known fact for researchers in the political sciences, it23

became widely evident during the 2016 US presidential24

elections, in which misinformation (the so-called fake25

news) had a visible presence. Therefore the use and26

analysis of social media data in the context of political27

sciences has become relevant.28

Data from social media can be analysed in traditional29

ways as it has been done for several decades in political30

science. However, with the growing amount of data that31

social media makes available, the tools have become32

more and more complex, posing and added difficulty to33

these researchers.34

Visualisation has proven to be an appropriate means35

to uncover hidden patterns in data and to effectively36

communicate those findings to both expert audiences37

and layman. It is particularly useful when little is known38

about the source data and the analysis goals are vague.39

On the other hand, scalable resolution display envi-40

ronments (SRDEs) are becoming increasingly popular41

as a mechanism to provide viewers with an immersive42

visualisation experience when working with large and43

complex datasets. This has been proven to be an ef-44

fective means of gaining insight by collaborative group45

work. The size and arrangement of SRDEs often en-46

courage active participation of researchers of multiple47

disciplines, which is crucial for exploring and under-48
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standing data coming from social networks.49

One of the lines of research within the Data Sci-50

ence Institute at Imperial College London is precisely51

on ways to better understand and communicate the in-52

formation hidden within large datasets, and particularly53

so in those coming from social media. Visualisation of-54

fers an intuitive mechanism to drive such an analysis55

specially if complemented with a suitable set of tools56

for interaction.57

Recently, our research group proved that graph visu-58

alisations, backed by a large-scale visualisation environ-59

ment, can be very helpful to understand the dynamics60

of different phenomena; e.g. Bitcoin transactions [8],61

online discussions [9] and bio-surveillance [10]. These62

projects showed how filtering, grouping and highlight-63

ing specific patterns help to increase the usability of64

large graph visualisations. Nevertheless, we also experi-65

enced that the scalability of the implemented platforms66

is limited [11], which calls for new initiatives.67

However, visualisation alone is not enough if not68

powered by a flexible and scalable underlying plat-69

form that enables the adequate collection and process-70

ing of the data. This work puts forward such a work-71

ing pipeline, and thus the main contribution of our72

manuscript is to describe this end-to-end product to73

analyse and visualise social media data for the purpose74

of understanding political events.75

Twitter can be considered the most studied online so-76

cial network, with plenty of studies relying on it [12, 10,77

1]. This social media platform provides an efficient and78

effective communication medium for one-on-one inter-79

actions and broadcast calls. In Twitter users post mes-80

sages (originally limited to 140 characters and extended81

to 280 in September 2017) known as tweets. Every day,82

around 500 million tweets are produced, and Twitter has83

330 million regular users [13]. The tweets are easily ac-84

cessible via Twitter’s API, either as a real-time stream85

or bulk search using a RESTful API.86

Particularly, scholars have used Twitter data to anal-87

yse the way in which people discuss candidates and88

party leaders during elections in Germany [14], the89

US [15], and the UK [16, 17]. Because Twitter is used90

to share information, opinions and online petitions, this91

social network provides us with an important source of92

data useful to analyse misinformation and its spread.93

The manuscript is organised as follows: the next sec-94

tion provides a review of the context of our work. Sec-95

tion 3 describes our proposed pipeline for a Twitter Ob-96

servatory, and Section 4 showcases some of the use-97

cases we have used it so far at Imperial College London.98

The manuscript concludes pointing out some existing99

limitations and future lines of action.100

2. Related Work101

This section presents the context of our work by re-102

viewing previous efforts on large-scale visualisation,103

and social media for political events.104

2.1. Visualisation105

Visualisation is about communicating and perceiving106

data, both abstract and scientific, by means of the human107

visual system. Although it was not until the 1980s [18,108

19] that data visualisation found a place in research, it109

has since then proved to be an effective way of gaining110

insights into data [20] both at the initial and final stages111

of the analysis.112

Visual data exploration, in particular, is especially113

useful when little is known about the data and the explo-114

ration goals are vague. In this context, visual data ex-115

ploration can be viewed as a hypothesis-generation pro-116

cess [20]. In this process, the user can interactively shift117

and adjust the analysis goals. Hypotheses might get val-118

idated or rejected on a visual basis, and new ones can119

be introduced. According to Shneiderman [21], visual120

data exploration follows a three-step process compris-121

ing overview, zoom and filter, and details-on-demand.122

As datasets grow in complexity and scale, so have123

done their visualisations, with many research teams and124

engineers developing hardware and software tools to en-125

able large-scale visualisations on big screens and video-126

walls. The hypothesis is that more visual space will fos-127

ter greater speed, accuracy, comprehension and confi-128

dence in the data analysis and interpretation. Pioneers129

on this topic were the works by the Electronic Visualiza-130

tion Laboratory at the University of Illinois at Chicago,131

and their CAVE [22] and CAVE2 [23] environments.132

Other examples of large visualisation environments re-133

ported in literature include [24, 25, 26, 27].134

Over the past 20 years, SRDEs have evolved from135

environments that supported resolutions of several136

megapixels to those that support resolutions of several137

gigapixels. The sheer scale of these systems makes it138

impossible for them to be built using a few screens or139

being powered by one or few compute nodes. Systems140

such as these are built to have 100s of screens con-141

trolled by 100s of compute nodes. These, therefore,142

require specialised software that is capable of rendering143

and seamlessly interacting with content that is displayed144

across multiple screens.145

One of the advantages of high-resolution visualisa-146

tions is the ability to combine in the same display the147

aforementioned three steps (overview, zoom and fil-148

ter and details-on-demand) described by Shneiderman.149
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Besides the obvious technical difficulties that large vi-150

sualisation poses (e.g. screen synchronisation, high-151

resolution displays, bandwidth), it also prompts a shift152

from a single-user workflow towards a more collabora-153

tive one. This has critical advantages for the compre-154

hension of data and identification of insights, and it is155

one of the key benefits of this type of systems.156

Roberts et al. [28] recently reflected on the new chal-157

lenges and opportunities that lie ahead for visualisation.158

Some of these challenges are addressed in our present159

work, namely, large-scale immersive visualisation and160

human-like querying. They both aim at achieving a161

better comprehension of the growing datasets currently162

available, in intuitive ways for the users.163

To perform this study, we leveraged the large-scale164

visualisation observatory built at Imperial College Lon-165

don premises, which features a distributed rendering166

cluster with 64 46” HD screens. These screens have167

been arranged in a 6 m diameter cylinder with 16168

columns of 4 monitors. The 313-degree immersive169

space has a total resolution of 132 M pixels across 37.31170

m2.171

2.2. Visualising Twitter data172

In fact, the idea of a Twitter Observatory is not new,173

and was prominently hinted at by Basaille et al. [29].174

However, their work is largely focused on providing a175

reliable and scalable means for harvesting and storing176

tweets which can then be analysed by different plug-177

gable components. They deliberately leave aside the178

(big data) visualisation part and only provide examples179

of displaying aggregated measures over the dataset.180

When analysing Twitter data there are two main per-181

spectives to it: the networked approach (i.e. how tweets182

are linked to each other and to their authors), and tex-183

tual approach (in which the text is analysed). In fact,184

both approaches are complementary and can offer dif-185

ferent insights. Any Twitter Observatory would need to186

take both into account.187

Regarding the networked approach, it is of particular188

interest the relationships between tweets, hashtags, user189

mentions, and retweets. A network analysis of these190

entities has often unravelled interesting insights [17].191

The increase in the relative size of datasets to ac-192

count for real-world problems has forced researchers193

and engineers to move to distributed and parallel pro-194

posals [30] in order to explore and process large graphs,195

and to calculate different measures over them. Machine196

learning research has made great advancements in de-197

veloping scalable and distributed algorithms, but they198

often lack support for interactivity. Similarly, human-199

computer principles for interaction and visualisation are200

difficult to scale to the degree needed with the large size201

of current datasets.202

This networked approach is after all similar to those203

of graph and linked-data (which we have studied else-204

where [9, 11]). Some challenges of networked data vi-205

sualisation are context adaptation, users and data hetero-206

geneity, supporting different tasks (query, combination,207

filtering, etc.), and more recently, performance [31].208

Gephi (a general-purpose graph visualisation tool [32])209

supports data retrieval from several sources, calcula-210

tion of graph measurements and automatic graph lay-211

out. However, it suffers from performance problems212

with medium-size graphs.213

To the best of our knowledge, there are no specialised214

tools to visualise social media in the context of politics215

at a very large resolution.216

2.3. Political analysis with social media217

Within the realm of political participation, social net-218

works play a prominent role. Specifically, social net-219

works are an important conduit of political information,220

central to participation and, most important, relevant as221

it is through social networks that political trust is built.222

Political networks determine how partisan information223

—or misinformation— spread, how we vote, or whether224

or not we join a rally. Additionally, by analysing net-225

work structures it is possible to uncover how political226

networks affect our behaviour, the way in which we or-227

ganise in, and, ultimately, how our institutions are built.228

With the rise of online social media, a plethora of net-229

work data has become available in the last ten years.230

Political scientists have profited from this trend and231

adopted online social media data as an important in-232

strument within their toolbox. In particular, early po-233

litical science research centred in representing and un-234

derstanding network structures. This gives way to ques-235

tions such as why do we observe certain patterns?, how236

do these patterns affect power structures? and finally237

led to the study of how social networks formed: are238

such patterns occurring at random?, or are individuals239

following strategic patterns to form networks?240

Formation of networks leads to different implications241

such as different diffusion patterns for political informa-242

tion; which ultimately affect the way in which individ-243

uals learn (do opinion leaders have an out-weighted in-244

fluence in social structure? how does the wisdom of the245

crowds affect political decisions?) and to the study of246

how such structures affect individual behaviour. In the247

end, political institutions and systems are built through248

networks of individuals. This is the key reason why249

studying such structures has become particularly impor-250

tant for social (and particularly political) scientists.251
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2.4. Ethical considerations252

While social media data and its public availabil-253

ity have enabled and fostered a large number of re-254

search projects, the ethical considerations of using such255

data have often been diminished and sidelined. Even256

though this paper is focused on the technical tool, we257

strongly believe that researchers using such tools should258

be knowledgeable on the ethical issues that their use259

might pose.260

It is a fact that researchers across the social sci-261

ences are routinely harvesting twitter data and publish-262

ing identifiable content without any protection on sen-263

sitive data or users’ consent. While this is possible264

according to Twitter’s terms of service, which clearly265

states that public tweets will be made available to third266

parties, several researchers have questioned whether or267

not this is ethically acceptable [33].268

It is commonly accepted that the terms of service269

of social media networks provide adequate provision270

to cover its harvesting and usage for social science271

research. However, if the data is enriched with ad-272

ditional metadata on the users (which might include273

sensitive personal features) derived from algorithms or274

other means, the legal issue of privacy may be com-275

pounded [33].276

Our proposed Twitter Observatory is agnostic with277

respect to the data shown and the inferences made on278

them. It is the role of the researcher to implement the279

necessary provisions so that no ethical breach exists in280

their interpretation of the data, even when completely281

covered by the terms of service.282

3. Design and architecture283

Due to the volume of data in today’s social media,284

any analysis and visualisation platform requires a dedi-285

cated architecture to achieve acceptable performance in286

this context. Those architectures rely on distributed sys-287

tem, and so we propose a distributed processing pipeline288

for the back-end, a storage solution and a distributed289

rendering front-end (i.e. SRDE). This design is flexible290

enough to allow a data flow even when one of the front-291

end or back-end components are missing. Moreover, the292

SRDE is distributed by design, with multiple renderers293

using the same dataset to show graphical information on294

different shards of the data. In our design the sharding295

happens both on the storage and viewer side. Figure 1296

shows our system architecture that separates the back-297

end from the front-end processing pipelines.298

We have chosen to focus the rest of the paper on long-299

term occurring political patterns in Twitter data, which300

Figure 1: The system architecture of the Twitter Observatory

requires several months worth of data. This can be ac-301

quired either in real-time or using a snapshot obtained302

from the Twitter Search API. In our approach we as-303

sume the data is pre-processed as a stream for better par-304

allel processing, therefore the source would be treated305

in the same way. Twitter provides data in JSON for-306

mat containing the text of the tweet, metadata and user307

information. The metadata usually contains the loca-308

tion of the tweet (if the user acknowledged Twitter to309

make this information public), hashtags and mentions.310

Both APIs allow pre-filtering by location, usernames,311

keywords and hashtags to reduce the amount of data to312

be pre-processed.313

3.1. Process & Analysis314

The processing pipeline can be described in two315

stages: 1) a common one with all steps applied to all316

datasets; 2) a particular one consisting on specific clas-317

sification and filtering steps for different applications.318

The parameters and methods for the second stage are319

described in the experiment section.320

Among the common steps, text cleaning is initially321

perform to tokenize, parse and normalise it. Secondly,322

while some of the hashtags are automatically extracted323

by Twitter and provided as metadata, this process is324

sometimes incomplete. Therefore, we employ addi-325

tional steps to extract all hashtags from the text, if re-326

quired.327

All the data required for the pre-processing steps is328

stored into a Hadoop Distributed File System [34], a329

fault-resilient file system for storage, and the posterior330

processing is done with a Spark cluster deployed on our331

premises. This approach allows us to transparently al-332

locate more hardware resources into the pre-processing333

steps when needed.334

The processed data is saved back into our storage so-335

lution, described in the next section. Once the infor-336
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mation extraction has been completed, the visualisation337

front-end is notified that a new batch of data is avail-338

able. This allows us to build a feedback link between the339

front-end and back-end services and assure near real-340

time updates if needed.341

3.2. Storage342

In the described scenario, temporal storage of the343

(big) data is necessary and therefore it needs to be taken344

into account. While regular text files could be used, ran-345

dom queries over them are complicated.346

In fact, databases have been the solution of choice347

to store data in structured and scalable ways since many348

decades ago. And particularly, relational databases were349

highly optimized to deal with this task. The last decade350

has seen the development of alternative models focus-351

ing on different aspects of the data or relaxing some352

of the constraints of relational. In particular, no-SQL353

databases (e.g. MongoDB) and graph databases (Neo4j)354

have gained great traction.355

As explained in [29], the way the data is stored and356

made available is relevant to support different types of357

queries and applications, and to support efficiency and358

scalability of operation.359

Particularly, having previous knowledge on likely360

queries can greatly improve the performance and speed361

of the database at querying time, as indexes can be pre-362

computed. What is more, the data can be separated363

into different computing instances. Precisely, one par-364

ticular clustering strategy we carry out is related with365

events: collection of tweets within a specific data range366

and matching a specific search criterion. We thereafter367

group one or more events together and store them in368

separate databases based on their scale.369

For events that involve a much larger footprint of370

data, we have explored the option of dissecting the371

dataset even further by storing retweet and mention net-372

works separately. This is only ideal for some use-cases373

where search queries do not involve filtering based on374

comparisons spanning across both retweet and mention375

networks but produces significantly better results by re-376

ducing computation and rendering overheads. Fortu-377

nately, this approach works well for a majority of the378

graphs we visualise, because it is very rare that we have379

queries so specific that requires both retweet and men-380

tion networks to be stored in a single database.381

Our implementation of the suggested pipeline relies382

on a distributed Neo4j database.383

3.3. Display384

SAGE2 [35], DisplayCluster [27], Chromium [36],385

CGLX [26] and OVE [37] are examples of software386

frameworks designed exclusively for SRDEs. Through387

learning and years of evolution, modern SRDE software388

frameworks are almost always browser-based. This389

therefore makes it much easier to develop software for a390

twitter observatory using web application technologies.391

Modern SRDE frameworks such as SAGE2 and OVE392

support rendering of web content at a resolution that393

is independent and much greater than that of the ac-394

tual screens themselves making it possible to display395

very large visualisations. They also provide built-in ap-396

plications that natively support the rendering of certain397

types of data formats such as (a) tiled maps, (b) deep398

zoomable images, (c) graphs and (d) playback of audio399

and video. The frameworks themselves deal with the400

distribution of the content and synchronised rendering,401

animation and playback. Thanks to this kind of portabil-402

ity, the rich diversity of Twitter data can be harnessed.403

For example, OVE supports rendering large graphs404

using Sigma.js [38] and Neo4J [39]. However, the larger405

the dataset the longer it takes to run queries, the greater406

the network bandwidth and system resource consump-407

tion. The greatest impact is at the client-side where408

browsers can accommodate only a certain portion of409

the dataset before crashing due to insufficient system re-410

sources. OVE overcomes this limitation in two ways:411

Firstly, the dataset can be sharded and distributed412

among multiple Neo4J instances by partitioning the413

graph both horizontally and vertically. SRDEs are capa-414

ble of tiling content across multiple browsers and sup-415

port arrangements such as a browser per screen. OVE416

supports more than one browser per screen making it417

even more scalable. Therefore, based on the granular-418

ity and the density of the data, OVE can support one419

or more data-sources per screen. By sharding and dis-420

tributing the dataset based on the volume of the data,421

each data-source (i.e. Neo4J database) will therefore422

have a finite and manageable demand.423

And secondly, OVE also supports transparent over-424

lays. This makes it possible to render graphs or any425

other content as a series of layers. It is often the case426

that running a database query with multiple joins tend427

to be highly resource-intensive and very slow. Thanks428

to the transparent overlay support of OVE, we no longer429

need to run join queries but can source data from a clus-430

ter of databases using a set of queries that can now be431

executed in parallel, which increases the responsiveness432

and also the rendering speeds. Transparent overlays also433

make filtering and annotating datasets much easier to434

implement and highly performant.435
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3.4. Interaction436

Finally, a crucial aspect of visualisation is the abil-437

ity to interact with the visual display. In a previous pa-438

per [9], we presented a fuzzy query mechanism to high-439

light ‘relevant’ tweets, demonstrating its potential when440

paired with SRDEs.441

In graph data, the key interactions are filtering, pan442

and zooming, and they enable switching between over-443

all and specific viewpoints, and focusing the attention of444

the audience towards a portion of the dataset at a time.445

Though not most useful in simpler graphs, this becomes446

very important when trying to understand large quan-447

tities of data within an immersive SRDE. Frameworks448

such as OVE [37] have built-in support for all opera-449

tions related to interaction (in particular through OVE’s450

Networks app).451

However, to make the application even more interac-452

tive, we also extended the default controller with a per-453

sonalised one. With it, the presenter needs not key in454

queries in the OData format (which is the one that the455

OVE API expects). Instead, he/she is presented with a456

simplified user interface accepting various search crite-457

ria which will subsequently be converted into the OData458

format and then passed onto OVE.459

Finally, annotations and group discussions around a460

pre-rendered twitter dataset are made possible using the461

Whiteboard App of the OVE framework [37]. Annota-462

tions can be saved and retrieved at a later time.463

4. Experiments464

In this section we demonstrate several of the capa-465

bilities that our existing infrastructure enables with two466

relevant examples: data from the Brexit referendum and467

data from the 2016 US presidential elections.468

4.1. Brexit referendum469

Firstly, we look into exploring the polarisation of470

users who tweeted for and against the UK leaving the471

EU during the period of the Brexit referendum poll.472

Data collected from the 6th of January 2016 until the473

30th of June 2016 is used. The dataset contains a num-474

ber of randomly selected tweets from around the world,475

out of which a clear majority originated from within the476

UK and Western Europe.477

We assign a polarisation score ps on the range [−1, 1]478

to a user based on an aggregate measure based on the479

presence of several hashtags (they were described in an480

earlier work [17]) across all of their tweets. We saturate481

the values to the given scale. A score of −1 means that a482

user is the strongest supporter for leaving the EU whilst483

a score of 1 means the user is the strongest supporter for484

remaining in the EU. All users depart from a scoring of485

0 (i.e. a neutral tweet) and their preference for hashtags486

for and against remaining in the EU would move their487

score towards 1 and -1, accordingly. Users who merely488

retweeted an existing tweet of another user were given489

the score of the original tweet.490

We chose to represent this data as graph, with nodes491

representing individual tweets, and edges capturing492

retweet and mention links. All tweets were located in493

the horizontal axis according to their creation date, and494

in the vertical axis according to its polarisation score at495

that moment. Figure 2 presents a snapshot of this visu-496

alisation.497

Retweets were assigned the ps of the tweet they were498

retweeting. Finally, to avoid visual clutter of tweets with499

a polarisation score of 0, we add a small random noise to500

them so they are placed in a small interval of 5% around501

0.502

The colours of red and green were chosen to create a503

strong contrast between each camp of users, with green504

associated with those in support of remaining in the EU505

(ps ∈ (0, 1]) and red associated with those in support of506

leaving (ps ∈ [−1, 0)). A neutral grey colour was given507

to both retweets (regardless of their ps) and to tweets508

that were not polarised.509

Visually, we can clearly spot that the polarisation to-510

wards leaving the EU: leavers were marginally more511

strongly opinionated and supported compared to the re-512

main camp. This is confirmed in an accompanying vi-513

sual (Figure 3 shows the daily average of the polarisa-514

tion score) and is also consistent with the outcome of515

the Brexit referendum on the 23rd of June 2016.516

We were also able to confirm our previous observa-517

tions [17]; namely that a few users in twitter are found518

to be making a majority of the number of tweets, (some519

of which gain significant popularity), while a majority520

of the users would simply take their opinion forward by521

simply retweeting these popular tweets. This is a con-522

tributing factor with regards to changing and amplify-523

ing a user’s opinion. It was also relevant to confirm that524

some of those opinion-drivers were actually bots.525

4.2. 2016 US presidential elections526

For a second illustrative example we used a small527

dataset collected around the 2016 US election, contain-528

ing around 150,000 tweets. The scientific goal in this529

occasion is to understand the types of interactions be-530

tween polarised communities. We investigate the inter-531

actions between the communities considering retweets532

and mentions (Figure 4 together, and Figure 5 separated533

by colors).534
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Figure 2: Photograph of the result of displaying a timeline with polarisation of tweets for the Brexit referendum dataset rendered in a 15360x4320
resolution

Figure 3: Aggregated daily polarisation score as the average of all tweets of one day. During the whole period, the polarisation is stronger towards
the leave side.

The users within the dataset were classified into four535

classes according to the support they expressed in their536

tweets towards either Donald Trump, Hillary Clinton,537

Bernie Saunders or others. We assigned a colour to each538

one of those classes: green for Trump, red for Hillary,539

purple for Saunders, and grey for the others.540

Edges (with the colour of their origin) were drawn541

among users whenever there was a retweet or a mention542

in any of their tweets. This result is depicted in Fig. 4).543

In addition to that, we also colour-coded the edges in544

white if they were a retweet, and yellow for mentions.545

This result is depicted in Fig. 5 and summarized in Ta-546

ble 1.547

The main visual finding from both figures is that the548

polarised communities tend to retweet others from their549

own communities and contribute towards further ampli-550

fying their opinion. They cherry-picked tweets (prefer-551

ably originating from one of the three candidates twitter552

handles) and retweeted them in an attempt to amplify553

the message.554

The mentions network however were not strictly lim-555

ited to the polarised communities and it was observed556

that there was a lot of cross-talk between those tweeting557

(the yellow edges in Fig. 5 are more prominent between558

clusters). We believe that these are examples of users559

making an attempt to point out weaknesses of an oppos-560

ing individual or to express hatred or negative feedback.561

Observations such as above make it easier to under-562

stand patterns of information propagation among po-563

larised micro-communities and as well as the ability564

to study their opinions or even identify key individuals565

within each polarised community based on the popular-566

7



Figure 4: Visual result of interactions (retweets and mentions) between communities during the 2016 US presidential election. Colours correspond
to the supported candidate.

Figure 5: Visual result of interactions (retweets in blue, mentions in yellow) between communities during the 2016 US presidential election. Users
(nodes) remain in the same position as in Fig. 4.

ity of their tweets.567 5. Conclusions568

This work has presented our proposal for a real-time569

large-scale twitter observatory as an advance platform570
8



% tweets % mentions % retweets
Clinton 28.56 2.35 4.06
Saunders 19.79 3.33 3.59
Trump 36.13 1.53 3.29
Unclassified 15.52 11.89 0.07

Table 1: Summary of distribution of tweets among candidates.
% mentions and % retweets refer to the percentage out of the total
number of tweets overall.

for social analytics on social media. Our proposal lever-571

ages on existing technologies (and particularly OVE,572

our distributed visualisation framework) and put for-573

ward a connected pipeline.574

Our tests have confirmed that our design (including575

visualisation) scales to suit graphs involving a few bil-576

lion data points from Twitter. The OVE framework is577

designed to be scalable to support even larger graphs.578

This is by clustering the OVE core server and also the579

corresponding applications such as the Networks App.580

Though we have not attempted to so far, we believe that581

this makes it possible to render graphs that are ten-fold582

or even 100-fold larger, which will be equivalent to vi-583

sualising a twitter dataset involving 500 billion tweets584

over a 3 year period.585

Although the work we have described here is focused586

on political events, the proposed observatory could be587

easily extended to other areas of interest. As literature588

has shown often, one-size-for-all solutions are rare and589

hence we strongly believe that a problem analysis and590

work with experts is needed to finely adapt the system to591

specific users’ requirements. This is particularly true in592

research environments (as the one our observatory aims593

to support).594

An additional advantage of a facility such as Impe-595

rial’s Data Observatory (which we have not specially re-596

marked in this paper) is its social facet which naturally597

fosters the interactions between teams, and facilitates598

the collaborative evaluation and exploration of graphs599

and patterns. Joint data exploration by members of a600

team is another way of gaining deeper insights on the601

data, compared with doing it alone.602

While the proposed framework is flexible enough to603

account for both historical and real-time data, our cur-604

rent implementation only covers the former. Support-605

ing real-time analytics and visualisation is a capabil-606

ity that will benefit monitoring tasks, such as those607

of spotting abnormal activity, political topic/sentiment608

changes, etc.609

Regarding the tool, we have only presented here the610

visualisation of historical data in a networked way. The611

observatory will not be complete until other summa-612

rizing analysis and visualisation dashboards around the613

dataset can be displayed along the graph data. While614

this capability exist, we are still missing the automatic615

connection between both pieces.616

We are also exploring the opportunities for more eco-617

logical and immersive interaction interfaces (after all, a618

large visualisation facility call for different ways of in-619

teracting with the data), such as gesture-based feedback,620

voice-controlled querying/filtering, and a touch user in-621

terface allowing users to select, for instance, specific622

data points in a visualisation and learn more about its623

interconnections or extract a portion of a graph into a624

separate partition of the space.625

It is possible to implement the full pipeline described626

here with open-source solutions, using the description627

provided. All code implementing the visualisation part628

of the Twitter observatory (i.e. the OVE framework) is629

open-source and available at [37]. We invite interested630

readers to check it out, experiment with it and contribute631

to its development.632
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