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1 Executive summary

This deliverable describes the social media monitoring tools that were developed with{iT 8\\&ith the goal of
supporing the implementation and assessment of tb@mmunicationand engagement strategies of the hackAIR
project, and especially activities in WP6 (Engagement strategies), WPB@Ppart and Impact Assessmerdnd
WP8 (Communication, Dissemination and Exploitatfon) work is based oan opensource software Emework

for monitoring, analysis and search over multiple social media plattbanhsve deployed, adapted and extended
for the needs of hackAIRhe frameworkoffers a powerful tool forhackAIR administrators and communication
managerdor assisting thenin their social mediaudience managemenasks: a) tracking social media discussions
around keywordand useraccounts of interest, b) obtaining reahe analytics over the tracked keywords/accounts,
¢) identifying new accounts addlanalyzing the struare of communities that are of relevance to hackAlIR.

The deliverable focuses dwo important extensions of the framework that were explicitly implemented to cover
the needs of the hackAIR project with respect to: a) account discovery and b) audidysis.ana

1 The firstaims at providing ra automatedhackAlRelated account discovery mechanism to the users of the
tool and minimizing the amount of manual effort required to perform the discovery. This is accomplished b
employing machine learning technigue automatically score the discovered accounts with respect to their
relevance with air qualitiopicsand by exploiting the network structure of Twitter to find additional relevant
accounts.

1 The second extension aims at enhancing the audience arcapaisilities of the tool. In particular, we employ
network analysis algorithms to discover communities within the audience of hackAIR accounts, as well
nodes (acounts) that are central angbpular within each community arnehich could be possibly idefied
and engaged as hackAIR ambassaddsig the hackAIR follower social network makes it also possible to
better quantify the impact of hackAIR social media posts and tune the communication strategy.

At the time of delivery of this report, the describgocial media monitoring tool and its extensions have been made
available to the hackAIR consortium and tests of its capabiildies beercarried out byconsortiumpartners and
have already led to interesting insights and valuable data. In additfoat eound of valuable feedbadias been
already receivedvith respect to potential improvements and extensions oftti@. In the coming period, the tool

will be used, tested and continuously improved in the context of supporting the engagement androation
activities of the project.
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2 Introduction

Social media is nowadays a key channel for communicatiomxpedission, information gathering astaringfor

billions of Internet users worldwide. The penetration of social media has consisterggsed throughout the last
decade and it has nowadays reached a point where the large majority of people worldwide regularly use one c
more of numerous popular platforms for a wide variety of purposes. As a result, social media is often regarded as
sensor of realvorld trends and event\iello, et al., 2013nd as an indispensable tool for performing social science
research(Mejova, Weber, & Macy, 201&hd consumer inteience gathering aneharketing(Fan & Gordon, 2014)

Given the increasing importance of social media for information sharing and intelligence gathering, the hackAIR wo
plan has foreseen work on social media monitoring in order to support aridrog its key research and innovation
activities. In particular, the deployment of advanced social media monitoring technologies is seen as valuable for tf
following project activities:

1 Engagement strategy to encourage involveméFf.1): The engagemenstrategy (documented in D6.1)
advises pilot coordinators and local communication managers to make use of social media monitoring tools
support engagemenrbriented activities duringilot trials, and especially during the full pilot implementation
phase.With the help ofsocial media monitoringpilot coordinators and local communication managers can
identify hackAlRambassadogs and possibly establish connections with thdrackAIR ambassadors are
influential users in the domain of air qualityho can help in finding new participants for the project amd
reaching out to a wider audience. Ambassadors are leading communicators on social media, and therefore
is advised that pilot coordinators and local communication managéhsthe support oCERTHegularlyuse
the outputs ofsocial media monitoring tools.

1 Pilotsupportand impact assessmefif7.3 & T7.4)Being able to monitor different social media streams and
discover users in different locations, who are active in air quality issllenake it possible to get in touch,
engage and attract additional citizens to the pilot activities. Moreover, the capabilities of the presented soci
media monitoring tools will support the extraction of impact indicators, and more specifically th¢ amgac
reception that the hackAIR messages and results have on the different social media communities.

1 Communication and dissemination strategy and conf€tl & T8.2)Communication and dissemination can
greatly benefit from the capabilities of the idered monitoring tools. First, the tools can help communication
Yyl 3SNE RAaAO20SN) NBf S@Fyd O02yidSyd FTNRBY ' RAGSNI
social media posting activities, making the hackAIR accounts more attractiveessstiing. Second, the tools
YF1S Al LRraarotsS G2 ljdZydaFfe GKS NBFOK 2F KIFO1!
identify influencersvho can then be engaged by the communication managers with the goal of contributing
to the wider désemination of hackAIR resuRmally, the audience analysis capabilities of the tools can lead to
valuable insights that can be used by social media managers-tariméheir communication strategy.

To this end, an existirgpensource social mediaanitoring frameworkvas configured and deployed to serve as the
technical basis for the projecthis framework is a staradone software system that is installed, managed and
operated independently of the hackAIR platfoiifrachnicalletailson the designimplementation and usagef this
framework areprovidedin Section3, while it is worthnoting that the work wasaccepted for publication in thé"
Internet Science ConferentdNSCI 201)7as a technical demonstratigraper (Schinas, Papadopoulos, Apostolidis,
Kompatsiaris, & Mitkas, 201At the time of delivering this report, the tool is operational and availablth®n
following link http://hackairmklab.iti.gf.

A first extensioro the framework of SectioB was the development of a sophisticated methodologydiscovering
hackAlRelevant accountsn different social media channels. The methodology, which is described in 8edion
based on the collection of a large initial séttandidate user accounts from different social media platforms, and
then on the application ciutomaticclassifiergo separate between relevant and irrelevant accoumnte collection

1 4" International Conference on Internet Science, No2£222017, Thessaloniki, Greebtp://internetscienceconference.eu/
’The page is passwopdotected to prevent unauthorized usage by third parties. The credentials are available upon request by
the main authors, Eleftherios Spyromitié®ufis éspyromi@iti.drand Symeon Papadopoulgsyfadop@iti.gy.
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of candidate accounts was based on querying the respective platfelsnwith a list of air qualiglated keywords

(that was compiled with the help of several hackAIR partners), while additional candidate accounts were discovere
with the help of an iterative exploration process based on Twitter lists and by monitoriuglity-related streams

of tweets. The classification of accounts into relevant and irrelevant was based on classification models that wer
O2yaiNHzOGSR o6l &aSR 2y GSEG FSIFididNBa SEGNI OGSR FTNRY
Many of the discovered accounts (indicative examples are presentdablesTable 7-Table8) were found by
hackAIR partners as relevant fi@ing engaged in the project pilot and communication activities

A second extension to the social media monitoring framework of S&tioncerned the development of a solid
methodology foranalyzing the social media audience of hacktRing beyond the existing analytics tools of social
media platforms, this methodology leverages social network analysis taoisate a more structured view of the
hackAIR social media audience. Specifically, the network of hackAIR followers and their followers is analyzed with 1
help of a community detection algorithm to extract groups of Twitter accounts that are more desrssdgted to

each other, and therefore correspond to topicallyd geographically focusecommunities This result combined

with the analysis of network connectivity of Twitter accounts led us to the discovery of influencers, i.e. accounts tha
are followed by many other accounts and that have an important role in their comnfmigral examples of such
accounts, both within the hackAIR follower bakab{el3) and outside of itTlablel4), are considered important by

the hackAIR communication managers for fine tuning their communication strategy and activities

Concluding this repor§ectioné provides an outline offuture work, andmore specifically a number of ways that the
delivered results will bactively utilized in the context of pilot engagement, communication and dissemination
activities.

A note on privacySimilar tomany researcland innovation activities that involve data collection from social media
sources, the work presented here could potentially raise privacy issues, e.g. the tool may inadvertently collect pos
that reveal personal information about the users that publighedn. During the development of the tool, we have
carefully considered such issues and have taken reasonable measures to make sure that the privacy rights of sox
media users are in no way put at risk. As will become obvious from the following sectiomsher of classifiers

have been developed to separate between hacka@lvant and hackAdiRelevant content (the latter of which is

not stored and processed in any other by our tools). Manual inspection of numerous hatdW/dRt posts has
shown tha they are of public nature, i.e. they do not reveal personal information, but rather pertain to news items
and announcements related to air quality topics (which are meant to be publicized). In additioaension of the

tool is currently implementedot automatically delete rawata at a fixed short time period (configurable, default
value of one month) after their collectioRinally, it is worth noting that DRAXIS submitted a formal notification to
the Greek Data Protection Authority (on July 2017), informing about the data collection activities of the project that
also include the data collection activities described inrégert.
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3 Social media monitorgudpmhology

The hackAIR social media monitoring solution is based on a framework that has been developed by CERTH with
goal of addressing the limitations and shortcomings of the two typ#s of existingsolutionsthat are presently
used forsocial medianonitoring:

1 In academic settings, researcheypically use a variety of tools, scripts or lilrariand often develop their
ownadditional custom scripte perform the required data collection, manipulatiamdanalysis.

1 In business settings, analysts use a variegofifvareasa-service productsypically through a dashboard
like intaface, offering access to stdits and analytics about queries of interest.

The main disadvantage of the first approadhésincreased #ort that is necessary to set up the data collection and
analysis pipeline. In contrast, the second approach suffers from limited flexibility, cost (most social media Sac
offerings are subscriptiebased) and dependence on proprietary iols.

To address these limitations, wased the hackAIR social media monitoring solutioaroimtegrated opefsource
frameworkthat has beerdeveloped by CERTH particular, he development of the framework startedtime FP7
SocialSensoproject (http://socialsensor.ejand continued in thdP7REVEAL proje¢https://revealproject.e),

while the currently presented version is based on extensions made to explicitly shepsotial media monitoring
needs of the hackAIR and STER://step4youth.ey projects both of which were in need of an easily deployable
solution with a usefriendly dashboard and simple REST ARS a resultthe current version of thdramework is

easy to install and managand offers a welibased user interfacéor setting up tracking tasks and browsing the
collected data and extracted analytidsnportantly,the frameworkis designed in a modular way, makiiig
straightforwardto adapt and extend according to different requirements (e.g. collecting data from additional social
media platforms, implementing additional content filters, computing additional metrics,Ag@)result, in addition

to hackAIR, théool could be a convenient choice for several other projects (especially CAPS) that are in need o
monitoring discussions and engaging with social media communities.

3.1Design and implementation details

The presented tool ibased ona set of publicly avalide GitHub projecfs The core project isnklabframework
commonand contains classes for defining a common data miodedeveralsocial media platforms, whilekbab-
socialmedieabstractionsmplements the data models for each of the supported platfornm @ntains wrappers
that encapsulate the different APIs that are used for the collection of datamKlads-frameworkclient project
contains classes for data managemenrtrieval and analyticsuch as wrappers around different storage solutions
such asMongoDB and Apache Solr. Finally, riidabstreamrmanagerproject implements the orchestration and
operational logic for data collection and storage.

3.1.1Data model

Figurel depicts theunderlyingdata modelin the left side of theliagram we see thedataobjects collected by the
tool: items, media items, web pages and users. Itee@resentthe messageposted to the various social media
platforms,e.g., status updates on Twittggpsts on Facebook, videos YouTube, etc. Media items correspond to
the multimedia content that is embedded in these items, for instavideosin tweets,imagesin Facebook posts,
etc. Web pages correspond to the URLstaioed insomeitems. Finallyuser entities correspontb the accounts
that arepublishing the items. The right side of the diagram depicts the collesiitty, which is the construct used
to organize social media contetwllected by the toolA colletion comprise multiple queries as described tine
next sectionwhile thesame query can be included in more than one collectton.hackAIR, we use twpiery
types for data collection: a) keyword queries, Bpdccount queriés

* All of these projects are hosted by the MKLEGitHub organizatiohttps://github.com/MKLaHTI/

4Although the tooklsosupports location queries (i.e. collection of content that is geotagged within a given bounding box), we
found that such queries were very restrictive and led to very limited results due to the small percentage of geotaggeid conten
social media. For #i reason we focused on the two other query types.
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Figurel: Entity relationship data model of social media monitoring tool

3.1.2Data collection and processing

The collection oflata from thetarget social mediglatformsis performed by theéStream Managemodule. This
collects posts from Twitter, Facebook, YouTube and Goaitergside the useccountsthat publishedthem and
the embedded media items and linked URLs. In addition to smedla sourcesthe platform also supports
monitoring RSS feed3ata collectiorby the Stream Manager limsed oruserdefined collections, whicbonsist of a
set of queries of the followinigvo types: keyworebased andaiccountbased Keyworebased queriesnay consist of
AAYLX S | SearpoliRianzs S2NOOHY LI S§E A 2 P dhdEz© SNDABnEMRSpm2.Pser
accountbased queriesefer topublicsources of content for each platform, e.g., Twitter udeasebook pages, etc.
Given a collection, the associdtgqueries are translated tappropriateAPI calls. Faxample if a Twitter account
such as @EB (the official account of the European Environmental Bureau) isespasifine othe queries in the
collection, that account is mapped to a call to the Twitterti#alis used for the collection of Tweets pabt®yit. In
the sameway, given &eyword or dogical expression of keywords, multiple API calls are generatethrorach of
the supported sources. However, given thaime of the defied collections may contain identical queries. the
same keywors the Stream Manager first dduplicates all input queries into neadundant basic query elements
and thenperiodically polls each of the uniqgaery elements, and keeps track of the number of submitted requests
to eachplatform in order to respect thiémits imposed by ifThe fetched items arden processed by a sequence of
filters and processorgxecuted within the Stream Manager, before being stored and indexed. Indéfittering, a
set of heuristic rules arapplied to keep only items of higjuality. Forexample, items with limited text content or
with too many hashtags and URire treated as spam messages and therefore discarded. In terms of processing
modules, three indattive processors are provided ifie-shelf by the StrearManager:language detection, named
entity extraction, and MinHash signatuegtraction from text(used for duplicate removallrinally, the collected
content elementgitems, media items, users and wediges) are stored in a MongoDistance.

3.1.3Indexing and retrielza

Indexingof the datais based on Apache SolFor each itemonly those fields that can be used for filtering or
facetingare indexed, e.g. all textual fields, publication time, user id, number of views, etc. Retrieval of content
related to a specificatlection is performedh two stages: a) firstjia the generation of a Solr query that retsithe

ids of the relevant items, and §@condvia a retrievaby-id operationthat fetchesthe corresponding itermetadata

and all associated entities froMongoDB.

The tool offersseveral analytics capabilities that range from simple mettichk as thewumber of items or unique
users, to more complex ones suchraach (estimatedcumulative audience for a set of items) amtlorsement

> https://www.mongodb.com/
6 http://lucene.apache.org/solr/
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(estimated sum oflikes" for a set of items). Top users, locations, tags and named entities @mafeduency of
appearance) are also providdeurthermore the tool supportsthe generation and vimlization of timelines with
different time granularitiesAll these aalytics operations are implemented on top of two Solr componé&itseting
and Stats

Finally, the analytics framework leverages two more Solr components toeasike the exploration of collections:
Result Clusring and Result Collapse. @isig isused to automatically discover groups of similar search hits, i.e.
groupsof items related to a specific topic. These idediftopics can be used to narraown the set of items
associated with a collection. Collapse, on the other handsed to grougearch esults based on the value of a
field. In our case, we usellapse based on the MinHash signature of items to suppetftgkcation ofcontent, i.e.
items with the same signature collapse into a single ifeigure2 depicts the key software components of the
framework along witlthe function that each performs

Data collection, Data management,
processing and search and analytics

filtering

Data storage —

MongoDB_ (ISON)

Stream
Manager

D E——
Dataindexingand | __|

querying '
- ‘ P API ul

e
Message broker
(messages = —
collection updates)

Logging

o
Graylog

Docker platform

Figure2: Overview of framework components (white bloaeks) their function (gray).

3.2Usage and ser interface

In this section, we briefly describe the user interface and usage of the toctdsttgp guidelines about the usage

of the tool are available through a set of online tutofitiiat were createdfor the needs ofthe STEP projecifhe

user interface of the tool consists of three main pages: a) a page where users can define collections of media iten
(Figure 3), b) afeed viewfor browsing the content collected around a specific collectlgu¢e4), and c) a
dashboard vievior analytics Figureb).

The collection definition page allows the user to specify the name of the collection and to add the accounts and/o
the keywords (simple or complex) that he/she wants to be monitdneithe account specification field, the user can
select the social media platform that should be searched and account suggestions are giovigetbrm of aute
complete suggestion$) assisthe user irthe discoveryask

! https://www.youtube.com/playlist?list=PLASG RNMeACeprZYpEFr8Fw7bixeWWI
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Social Tracker iscover  Browse Social Tracker iscover  Browse

What do you want to n

What do you want to n
Users suggestion v . . .

&2 air quality
W| wwr 8| Capetiature £

Qi ®F @F @
O~ @ &

. Latest info on Pollution,

Forecasts & Health Advice. For queries ema
SW Ohio Air Quality
@SWOhioAir

ESIP Air Quality WG
@ESIPAQWG

Figure3: Collection definition page

The feed view presents the list of media itevhthe chosercollectionin the form of astream.For each item in the
view relevant metadata are shoywmamely publicatiotime, username and social madplatform. The feed can be
presented in botlgallery/grid Figured) and list form. The user can also search for itesisgfree text queries and
use several Ifiering and sorting criteria. The followiffidfers are provided a) source (social media platform), b)
language, c) topic, driginal (show retweets/shares or not), e) type (text item or item with embedudétimedia),

f) unique (remove rer-duplicatecontent), g) date.
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Figure4: Feed view of the social media monitoring tool

The dashboard viewf the tool offers metrics and widget®r generatingsummary viewsver the collected data.
The visualizations are dynamic and carupdated byleveraging the samset of flters as the ones in the feed view.
In more detail, the dashboambntainsthe following widgets:

)l
)l

=

Numbers of posts made, users talking, users reached and endorsemenitgtéordh contribution pie chart.
Heatmap basd on the exact location (latitude, longitude) of gaggeditems in the collectionwhich
typicallycorrespond taa small subset of all items).

User location at countrigvel automatically detected frortie location text field in users' prhes.

Timelhe visualization based on the number of items owee tivith customizablgrandarity ofdepiction.

Top N users with most posts in the collection. N can be set between D@ndvatar, username and total
number of posts for each user is presendédahgwith the link to their social pfite pages.

Top N entities in terms of frequency. N dam set between 10 and 200. Ei#s are organized in three
frequency categories (often, occasionally, seldama)three types (person, tag, location).
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aix quality

Social Tracker

Figure5: Dashboard view of the social media monitoring tool

The tool has been already tested by hackAIR partners and several collections have been created (8 at the time
writing this report). These include, for instance, topics ssairajuality and citizen observatorjedr pollution and
asthma air pollutionin Brusselsair pollutionusing German keyword§ @zF ( |j dzI £ A )j &irlpaliutidhSiging a G |
Norwegian keywordsluft, luftforurensing, luftforurensning, luftkvalitet, s@e (Gt DZZS RA Sa St F2 ND dzf
Y it Ay, AndPMIEF

3.3Limitations

There are two main limitations with respect to the usage of the tool. The first is a result of the APl usage restriction
imposed by social media platformRestrictions to the number @Plcalls allowed in a fixed time window result in
delays in the discovery of new content, especially for queries (keywords)eittabit high activity becauseit is
necessary to decrease the request rate for each gudrgsecond limitation pertains to the scalability of the tool. As

the number of collected itemeeactes the order of tens of millions, the responsme of the tool is adversely
affected by thesize of Solr index. This is more pronounced in the case of esaWtiich arealculated on thdly
usingthe faceting mechanism of SdBince the queries required for the social media monitoring needs of hackAIR
are quite specific and do not involve a very large number of media items, these limitatiooshdve anoticeable

impact m the hackAIR instance of the tool.

In terms of functionality, on the other hanage found that therewere two directions foextensionof the tool so
that it better serves the goals of hackAIR: a) developing a more sophisticatedatgton@chanism for discovering
relevant accounts and binprovingthe audience analysis capabilities of the tool. Our work towards tivese
directions is presented in sectiohsnd5, respectivéy.

8 We are referring to the free API versions.
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4 Discovery of relevant social raecioarst

Despite itanerits, theinitial version of the social media monitoring tadill requiredconsiderablesffort in order for

the userto perform advancedearchqueries ando distinguish betweenelevantand irrelevantesults. To this end,

we developed a sophisticated account discoveoglulethat requires only therovisionof an initial set of hackAIR
related keywords and then automatically generates @mtinuouslyrefines a list of accounts of interest to hackAIR
AshackAIRelevant accountswve define social medeccountsthat regularly post aboudir quality/pollutionissues

In addition, the modulgeneratesa number of statistics with respect to the activity, popularity and geographical
distribution of the discovered accountshe module currently runs as an independent background process, but its
integration with the font-end of the social media monitoring tool is planned for the coming period.

4.1Methodology

In this section, we describe in detail the methodology that we developed for the systematic discovery of hackAlIF
relevant accounts. The methodology comprises segexpb that are graphically illustratedrigure6. The firstwo

steps deal withthe creation of a seed list of mulithgual keywords related to the topic of interest (in this case air
quality)and theiruse as query terms in éAPIs of social media platforms these steps, hackAIR partners (DRAXIS,
BUND, NILU, and ONSUBJRBV)ded feedbackon the selected keywords asdggestd additionalonesthat could

be relevant to the topicso thata set of candidate accountan begenerated by querying the APIls of multiple social
media platformgsection4.2). Then the initial set of potentially relevant accounts is further expanded by emgloyi

a methodthat exploitsaccount co-occurrence inTwitter lists to identify Twitter accounts that are simildgth those
retrieved in the first step and thus potential relevareto hackAlRsection4.3).

After a set of candidate accouritsgenerated in the previous steps, a filtering step (sectidh takes place that

aims at discarding accounts that are not relevant with hackAIR despite having been retrieved with aielqibedity
keywords (we observed that this is commonly the case). To this end, a classifier is employed to classify accounts
relevant/irrelevant with air quality based on the text contained in the name and description fields of the accounts. Tc
build the classifier, we uda set of training accounts that have been manually annotated as relevant/irrelevant with
the help ofhadkAIR partnersThe classifier will begularlyupdated as additional feedback (training examples) from
partnersbecomes availablélhe output of this step is a set of accounts that are very likely to be relevant with air
qualitytopics However, some ohese accounts might be inactive for a long period and therefore not useful for our
purposes. Thus, an additional filtering step is applied to discaithccounts (sectiod.6).

A limitation of the account discovery pipeline that has been described so far is that it considers only accounts the
contain air qualityrelated terms in their name or description fields while ignoring account®ttest post about air

quality issues without having air qualiglated terms in theiprofile fhame and descriptign To this end an
additional stepwas realized (sectiod.5) with the aim ofdetecting accounts that frequently post air qualiéjated
content. This ischieved by collecting postsn@ets in particular) that contain air qualilated terms over a long
period of time and identifying accounts that consistently post abimwguality.This set of accounts is combined with

the accounts discovered based onithdescription and name fields to generate the final list of interesting accounts.
As a final step, several statistics are calculated about these accounts such astpopciizity and geographical
distribution (sectiord.7).
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Figure6: A schematic representation of the account discovery methodology

4.2Keywordselectiorand querying social media APIs

The selection of appropriate keyword terms for querying the APIs of social media platforms plays a crudia role in
overall effectiveness of the account discovery module as it determines the initialfpmaididate accounts. To
generate the list of keywords we worked closely with all project partners and especially with the engagement anc
communication managef©NSUBJECHs a result of this collaborative effatlist 0of527 multiingual (11FEnglish,

102 German, 99 Norwegian, 94 French and 119 Daichjalityrelated keywordsvas compose (e.g.air pollution
luftforurensing luftverschmutzunga pollution de I'ajduchtvervuilingy.

Having composed the list of search keywords, the next step of the pipeline is the retrieval of candidate accounts &
querying the APIs of social media platforms. In particular, we used the APIs of Twitter, Facebook, YouTube a
Google+. Note thawe referto all returned objects agccountseventhough they are different in nature (e.g. Twitter

and Google+ users, Facebook pages, YouTube channels). The following subsections provide the details of how e
API was queried.he collected results are then prased by the subsequent steps of the pipelinEigtires.

4.2. 1Twitter

The Twitter REST ARirovides programmatic access to read and writperations such as creatimgw Twees,

readng user profile and follower datatc. In this case we use it to retrievéwitter accountinformation in JSON
format using keywords. Specificallye use theusers/search endpoint that provides a simple, relevanbased

search interface toyblic Twitteraccounts Documentation of the API also statkat only the first 1,000natching

results are available per keyword query. Information about each retriaseountincludesii K S I Or@d@dalzy (1 Q

location, languagejescription number of followersnumber of tweets etc. Querying this endpoinwith the list of
air qualityrelated keywords returnabout2.5KTwitter accounts

® The full list of keywords used can be foundlablel? of the Appendix.
10 https://dev.twitter.com/rest/public

1 https://dev.twitter.com/rest/reference/get/users/search
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4.2.2Facebook

In order to searclior Faceboolaccountsye use the Facebook Graph ARWhich isa lowlevel API thatan be used

to programmatically query data, post new stories, manage ads, upload photos, and perform a variety of other task
that an app might implement.heGraph API supportearch over many public objects iretsocial graph with the
search® endpoint. The searchendpoint can retrieve objects liksers, Pages, Placesefits and otherSince, User
objects in Facebook typically represent actual persons and Graph API searches are based on object names, it wc
not make sense to search for User objects using thquaility-related keyword list. Facebook Pages, on the other
hand, can represent organizations or causes and may therefore contain air -gqekingd terms as part of their
names. Hence, we query the Graph API for Facebook pages containing akrejaeddykeywordslnformation

about each retrievedage includes namkcation,language, description, number liKes, etc Querying the Graph

API with the air qualityelated keywords returns abo6t3KFacebook Pages

4.2.3YouTube

Additionally we searchfor YouTubehannels that can be relevant with air quality issues’he YouTube Data API

is used for that purposelhere aredifferent types of resources thatan beretrieved using the API, as well as
methods to insert, update, or delete resourc@s.sarchfor YouTube channels withir qualityrelated keywords

we use thesearch/listendpoint®which returns a collection of search results that match the query parameters
specified in the API request. By defathig set of results contains all matchindaad, channel and playlist resources
but can be configured tceturn only YouTube channeBor each channel, information such as name, description,
number of subscribers/videos/views, etc. is provided. Querying the YouTube Data API with airelgtedity
keywordswe collect abouR.5K YouTube channels

4.2.4Google

Finally we attempt to discover air qualitglated account$rom Google by using theespectiveAPt®. Similarly to
Facebook, Google+ contains various types of tbjath as Users, Pages, etc. Unfortunately, the part of the API that
provides access to Pages is not publicly available (special restrictions applgltlafore focusonly on Google-
Users To searchfor all Userswith public profiles using aiualityrelated keywords we use th@&eople:search
method"’. Information about each retrieved user includes name, description, numbésllofvers (circledBy)
number of+1s etc Querying theGoogle- API with air qualityelated keywordsesulted in thecollection ofabout

350 Google+ users

4.3EXxploiting Twitterdts

We try tofurther extendthe setof candidateaccountsby exploiting the concept of Twitter LiStand leveraging the
method presented ifKanungsukkasem & Leelanupa®]6) A Twitter List is a group of Twitter accouiizt allows

users to see tweets from a group of people in individual tweet timelines, without having to put them all together into
their own timeline of people they follow. Twitter users can crehgr own lists or subscribe to lists created by
others. Thus,one mayexpect that accountsappeaing in the same list will likely post similar content and will
therefore be similar to each otheBased on this observatiokanungsukkasem & Leelanud@b16) proposed an
effectiveand lightweighalgorithmof finding similar users.

12 https://developers.facebook.com/docs/grapipi

13 https://developers.facebookom/docs/grapkapi/usinggraphapi/

1% https://developers.google.com/youtube/v3/docs/

15 https://developers.google.com/youtube/v3/docs/search/list

16 https://developers.google.com/+/web/api/rest/

o https://developers.google.com/+/web/api/rest/latest/people/search
18 https://dev.twitter.com/rest/reference/get/lists/list
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Our implementtion ofthis algorithmworks as followd et “Ybe the targetaccountfor which wewant tofind similar
accounts In the first step, we retrieve all Twitter ligtsin which"Yis a member using thésts/memberships
endpointof the Twitter APIThen, thelists/membersendpoint’is used to retrieve all other members (accounts) in

the lists.Let"Ydenote the set of unique accounts that were retrieved frond dlists. The similarity of eaalacount

0 N "Ywith the targetaccount’Yis computed by counting the number of tinteappears in the same list witlf and

then normalizing by dividing with, the number of lists that the target account belongsTo.tell whether two
accounts are similar enough, a similarity threshofdust be definedTaking into account the fact that the account
discovery pipeline includes a sophisticated filtering step that will remove most of the irrelevant accounts, we opt fol
using a low threshold (=0.3), in order to allow for more potentially relevant accounts to be discovered.

Thealgorithm described above is fiestecutedusingas seed4.0 Twitter accountsthat aremanually selected to be
related to air pollution and &o highly popular and active. This fesecutionresulied in approximately 170 similar
accounts thatwere then used as targets in a secasmdcutionof the algorithmthat returned approximately 1077
new similar account&Jsing more seed accounts in thstfexecutionor performing more iterationsf the algorithm
was hot possiblén reasonable timeue to call rate limitations of the Twitter API.

4.4 Accountclassification

The pevioussteps ofthe account discovery pipelined toa collection ofiround12Kaccountsin total that contain
air qualityrelated terms in their name and description fields or are similar to such accHantsver,we found that
a significant portion of these accounts are not releviamthackAIR, e.g. because they concern mareetpl
environmental issue§ ablel provides somendicativeexamples of relevant and irrelevant accouits.a resultit
was considered necessanp tcreate a intelligent filtering mechanisnfor detecing and discarihg irrelevant
accounts. To this end, we employed machine learmitregtrained a classifieto distinguish between relevant and
irrelevant accounts based ¢extualmetadata such as their name and degstion.

Tablel: Indicativeexamples ofelevant and irrelevant accounts

Name description label reason \
More than a smoke detector. The Birdi Smart Detector tracks .
- . » o L Commercial smoke
Birdi quality, whether it's a health danger like indoor pollution or Irrelevant
o detector product
an emergency like fire & CO.
Breathing Monitoring the Air Pdltion in London since 2016data from Relevant Continuous air
London http://t.co/YK6JzIR( guality information
Drive A chapter of @EAANational, we promote electric vehicles as
Electric RVA fun, practical transportation alternative that also reduces ener| Irrelevant Electric car news
consumption and air pollution.
MetOne BAM 1020 and Ecotech EC9810 monitors, reporting Reaal time air
BeijingAir PM2.5 and ozone readings. Format for each: pollutant type; | Relevant | quality monitoring
concentration; AQI; definition. for Beijing
Air Pollution ,
. . : : Music related
Music Pty Mixing Business withleasure Irrelevant
Ltd source
Proud builders of Flow, the first smart mobile air quality tracke Tracking live air
Plume Labs | and the Plume Air Report, the free app to track live air pollutia Relevant 'ng
pollution forecasts
forecasts around the world.
Working with Minnesotans to protect and improve the
environment and enhance human healtithe Minnesota General
TheMnPCA | Pollution Control Agency (MPCA) monitors environmental Irrelevant | environmental
guality, offers technical and financial assistance, and enforces source
environmental regulations.

19 https://dev.twitter.com/rest/reference/get/lists/memberships

20 https://dev.twitter.com/rest/reference/get/lists/members
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Tobuild the classifiefAir_Quality Accoun} we created a traning set of 1000 examples that rgemanuallylabeled

as relevant oirrelevant ty readingthe textual fields of the accountprofile (name anddescriptior). The textwas

preprocessed by applying stemming and stapd removal and represented using aidff bagof-words

representation. As classification algorithm, we usetehRlarized Lioss Support Vector Machiméhe LibLiear

implementation) with default parameterblote that theclassifier wa trained using@ccountswith textual metadata
in different languages anid therefore applicable tallaccounts othe collection.

Since the accuracy of the classifier dependsihean the size and the quality of the annotati@mghe training set,

to further improve the classifier we asked project partners to help us improve the composition of the training set. In
particular, we provided them with a large list of accounts aleiigii KS Of  aaAFASNRa RSOAa
manually check the correctness of each classification. This way, a new training set of 1150 examples was creat
Table2 provides details about thair_Quality Accountclassifier before and after feedback. We notice that after
feedback the training set waightly expandedand that classifier performandmproved (measured byPrecision

and Recalthat were estimatedusing 10-fold crossvalidation).After applyingthe refined classifier to thevhole
collection oft2Kcandidate accounts, 1388 accountare classified as relevant.

Table2: Air_Quality Accountclassifier details

Classifier # examples  # relevant # irrelevant Precision Recall
Before feedback 1000 400 600 85.0% 85.4%
After feedback 1150 450 700 87.6% 86.8%

4.5Accountdiscovery based on tweet classification

In the previoussections we focusedon discoveringaccountsthat containair quality-related text in their nameor
description.Here wedescribe an approador detecting Twitter accountsthat post air qualityrelated information

but werenot possible taetrieve with he previously discussed methods. In short, the approach consists of collecting
Tweetsfrom specific locations for a long period of time, using a classifi@tar tothe one presented above to
detect Tweets that are raled toair quality and identifyingccounts that regularly post Tweets of this type.

Here we presentour experiments to evaluate the approach. For these experiments, we used a large dataset of
Tweets that was initially collected to facilitate TwHbeised air quality estimation experimegrhat were presented

in D3.2. The dataset contaiapproximately 1MTweetsthat contain air qualityelated termsand werecollected

over a period ofabout seven monthg1/2/2017 until 20/7/2017)aroundfive cities in the UKL6ndon, Liverpool,
Manchester, Birmingham and Legd3etails about how this dataset was collected can be found in section 4.2.1 of
D3.2; the followingparagraphprovides details about how Tweet classification is performed.

As in the case of social media accounts, not akfsacollected with air qualiselated keywords are actually agtd
to air quality. Thus, to distinguish relevant from irrelevant Tweetbuild a classifie(Air_Quality_Twegtusing a
training set of 700 Tweetsnanuallylabeledwith respect to whethethey provide information about air quality
(relevant) or not (irrelevantl.he same type of prprocessing is applied to thiieveetsasin the case ohccounts (i.e.
stemming and stopvord removal) and df-idf bagof-words representationis used We alsouse the same
classification algorithm,e. L2regularizedL2loss Support Vector Machiwath default parametersDetails of the
classifierand its performancare shown ifTable3.

Table3: Air_Quality Tweet classifier details

Classifier # examples # relevant # irrelevant Precision Recall
- Air_Quality Tweet | 700 | 300 | 400 | 889% | 87.2% \

21 https://www.csie.ntu.edu.tw/~cjlin/liblinear/
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After all Tweets are classified, irrelevant Tweets are removed and accounts are sorted based on the number of ¢
qualityrelated Tweets they post per day. We empirically found that using a threshold of 0.4 relevant Tweets per da
returns accounts thatvere judged by partners to be relevant for hackAMRh thisthreshold,58 accountswere
returned, 47 of whichwere new and were not discovered with tpeevious methodsleading to a total numbenf
1435hackAlRelevant accounts

4.6Filterng inactiveaccounts

Since most of the hackANRS t S@IF yi | O02dzyia | NBE RA&AO0O2OSNBR o0l asSR
descriptions, amdditionalstep is performed to filter those of the discovered accounts that have been inactive (have
not published new contdhfor a long period of time (we set this period to six monthe)perform tlese filtering
operations,additional API callsvere required to retrieve the latest posts of each accoamd their timestamps. In

the case ofFacebookfor instancethe /useridfeed endpoint? of the Graph API vgaqueried to retrieve all public
posts of the account along with their creation timestamgile the same information is retrieved usitigp
Activitiestis?® method h the case of Google#fter completing this filteringstep, we are left with493 active
accounts related to air quality issu@se final list oiccountss availabl@nline®*.

4.7 Accountanalytics

This sectionpresens some statisticsabout the discovered account§able4 shows the percentages of accounts
coming from each social media platform, wHikble5 and Table6 show thelocation (EU/norEUundefined)and
language distribution (5 most popular languages) of the accounts, respedtfeehotice that most accounts come

from Twiter, followed by Facebook and then YouTabRegarding location, 32.6% of the accounts come from EU,
while about one out of five accounts has undefined location. We also notice that English is the most commoil
language but there are also French, Polishim@arand Dutch accounts.

Tabled: Social media platforsn

Social mdia Percentage afccounts

Twitter 64.9%
Facebook 25.6%
YouTube 9.5%

Google Plus 0%

Table5: Account locations

Location Percentage cficcounts |
EU 32.6%
Non EU 46.5%
Undefined 20.9%

Table6: Account languages

Language Number ofaccounts

en 390
fr 47
de 18
nl 12
pl 10

?2 hitps://developers.facebook.com/docs/graipi/reference/v2.10/page/feed

23 https://developers.google.com/+/web/api/rest/latest/activities/list

24 http://hackairmklab.iti.gr/hackairelevantaccounts.xIsx

*As explained beforezoogle- returned no relevantresults due to API limitations. Our seakgas only possible to target
Google- Users and not GoogtdPageswhich would have been more appropriate
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D6.3: Social media monitoring tools for assessment and support of engagement

To gain a better understanding about theographicatlistribution of thediscovered accountse also plot them on

a map by employing the tekiased location estimation approach that was presented in D3.2 (section 2.1.2), giving as
input the location field of the accounthis resukd inthe mapof Figure7 (zoomed in Europe iRigure8) whichis

also availablenline®. We observe that rany of the accounts in Europe originate from United Kingdom iand
particularLondon.This is due to the fact that Lond@a highly polluted major citgnd thatthere has recently been
increasing interest and engagement of the public on the topic gdddltion. In contrast, no accounts could be
mapped to Norway, even though the initial collection step made use of Norwegiamorkls. There are several
reasons for the absence of such accounts (e.g. the classifier was too strict for Norwegian text, Norwegian air quali
accounts use a different vocabulary to refer to air quality issues, Norwegian accounts do not reveal tibeiinoca

the respective profile fields, etc.). To this end, further investigation will be performed in the coming period to ensure
that hackAlRelevant accounts from more geographical regions (especially from the pilots) are collected.
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Figure8: Estimated geographical locations of the discovered accounts (zoomed in Europe)
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D6.3: Social media monitoring tools for assessment and support of engagement

4.7.1Account ppularity analysis

To measure the popularity of the discovered accounts we use the most established popularity metric of each soci
media platform, i.e. number of followers on Twittewmber of likes on Facebooljumber of subscribers on
YouTube. The histogramski§ure9 show how account popularity is distributed in each social network. We observe
that in the case of Twitter and Facebook there is a large number of low popularity accounts and a small number «
very popular accounts, i.e. account papity follows a power law distributidhIn case of YouTubenost accounts
havefew subscribersThe most popular accounts from each social network are shown in Figguesl0-Figurel3.

Such accounts, in addition to theemnthat we discover as part of our analysiS.h3 would be very valuable to
attract in the hackAIR network, since they have the potential of reaching many thousands of social media users.
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Figure9: Account popularity histograms for Twitter (top), Facebook (middle), Yob®ttoen]

27 https://en.wikipedia.org/wiki/Powelaw
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FigurelO: Top25 Twitter accounts with respect to number of followers
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Clean Air India Movement -
California Air Resources Board -
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Figurel2: Top10 YouTubaccountswith respect to number of subscribers
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Figurel3: Top10 YouTube accounts with respect to number of views

4.7.2Account ativity analysis

Tomeasure the activity of the discovered accounts we use the most established activity metric of each social medi
platform, i.e. number of Tweets on Twitter, number of posts on Facebook, number of videos on YouTube. The mo
active accounts from each soai@twork are shown in Figureigurel4-Figurel6. Accounts with high activiggre of
relevance to hackAIR, since they often share interesting news items and announcements in the areas of air qual
technology and policy, arek a result the hackAIR communication managers should carefully follow their posts to
discover relevant content (that could be shared through the hackAIR social media accounts).
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Figurel4d: Top25 most active Twitter accounts
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4.8Use cases adccount discovery

In this section, we present some of the use cases charountdiscovery modie. Our initial goal is to find accounts
from social media that are related with air quality and produce air quality related comterdccount discovery
module caralsohelp detect users thatould potentially achsearlyadopters or ambassadors of hackARch users
could br exampldancludecitizens(cyclists, activists) thabald be involvedn generating and publishing information
relevant to outdoor air pollutioy submitting data through the hackAIR platform, organizations and health
associations thatould organize local hackiR workshops to build awareness, oiestific community (universities,
research institutedNGOs, independent researchers) that oar data to gain insights on air quality patteonsise
hackAIR platform and communication channels for dialoGakle7 providesa manually created ligif indicative
examples oBuchaccountgthose are a subset ohé 1435 accounts that were automatically tagged byatteount
discovery modulas relevant)

Table7 Indicative list of accounts thabuld actas adopters or ambassaddos hackAIR

Name Description |

Rosalind Readhead | Environmental campaigneBan Private Cars in London

EllaRobertaFamilyF¢ Ella died @9 from asthma|ERFF is a Public Health Charity raising awat
of AsthmalPublic Involvement member for asthma research|Campaigns
Healthy Air

Jason Pritchard Dad, Hisband, Community worker. Air pollution campaigner. Youth Mer
at @CityWestminster. Support THRCT.does not mean agreement.

Clive Shrubsole Senior Researcher @UCL_IEDE Indoor Air Quality Module Lead
@MScHWSB, @theUKIEG, Asst Editor at IBE, Welltleimafe Change
Impacts.Views are my own.

Jim McQuaid Atmospheric Scientist, sometimes airborne, branching out into atmospr
inputs for @glacier_albeddccasional cloud botherer @ SEELeeds
Cat Scott atmospheric scientist @ICASLeeds @CRESCENDO& H2026ds_LEAF

coordinator- interested in way natural environment & human activities
interact; opinions my own

Healthy Brum Birmingham City Council's Public Health team. Promoting healthy living
the environment across the cityHealthyBrumhttps://to/1bM6VDpZqr

Lukasz Korzybski Father, husband, environmentalist, supporter of organic farming, sustai
production, green energy andreobility. Freelance software engineer

Oliver Hayes Air pollution campaigner @wwwfoecouk.-Qmst @thebabblewagon
podcast.Cyclist. Late night DIY enthusiast. @CambridgeUtdFC

Emilia Jane Hanna | Air Pollution campaigner for Friends of the Earth ScotRetiveets are
probably endorsements.

Julian Marshall Professor of environmental engineering. Research: air pollutibmealth.
Father, son, husband, brother. Bike rider.

AtmosChem For news of Atmospheric Chemistry and Air Pollution research from

Birmingham University of Birmingham
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Additionally, we aim to get information fromccountsby monitoring them and retrieving useful and relevant
content like links or articles which are related with air quality matters and news. A list @csaohts, which wa
manuallycreatedbased on the list of 1435 discovered accoyistdepicted inrables.

Table8: Indicative list of accounts to monifor air quality news and articles

Name Description \

ClientEarth Justice for planet Earth. Environmental law org for forests, oceans, rights,
biodiversity, climate, and air pollution in UK, EU and beyoidda
endorsements.

/ £ S| y{ LJ (Welcome to the London home of CleanSpace! Check out our local Air Ma
and downloadhe App to #SeeTheAirYouBreatBet the App here:
https://t.co/JUArlVTxR4

Energydesk Awardwinning investigative journalism from Greenpeace. Join us on Face
https://t. co/sRQJIMJCd8

Healthy Air Leeds | Campaigning for cleaner air in Leedse of the worst places for #airpollutiol
in the UKTweets by Rachel (foundertoodinator)

Healthy Air Cleaner air for a healthier lif¢Healthy Air aims to inform the public about th
health threat of air pollutionLed byhttp://t.co/wCgPB08gGa

Plume Labs Makers of the Plume #AirReport urban environmental foremast Using
#0OpenData & Al to beat air pollution around the wdflge on iOS, Watch &
Android.

London Air The London Air Quality Network by King's College London. Combining

monitoring, modelling & toxicology to advance understanding of health
impacts ofpollution.

Defra Air Quality | Official, automated feed for UK Air Quality from Defra. Latest info on Pollt
Forecasts & Health Advideor queries emailginfo@ricardeaea.conor visit:
http://t.co/rp7cejd XKi

Clean Air Network HK's leading NGO on air pollution, the city's biggest public health crisis, k
people a day.Get HK PM2.5 updates from us twice a day at @ CANalert!

airTEXT airTEXT prodes air pollution forecasts for London. To signup for free air
quality alerts: text airtext to 78070, or for email/voicemail visit our website

Beth Gardiner Environmental journalist, writing for @nytimes, @guardian + others. Currt
interested in air pllution. American in London. Politics junk@AP alum.

Air Pollution new | Your best source of Air Pollution News on Twitter

25|49 AT



https://t.co/JUArlvTxR4
https://t.co/sRQJImJCd8
http://t.co/wCqPB08gGa
mailto:aqinfo@ricardo-aea.com
http://t.co/rp7cejJXki

D6.3: Social media monitoring tools for assessment and support of engagement

5 Advanced audience analysis

The social media monitoring tool presented in sec8pprovides a useful mechanism for trackioger time, the

impact of hackAlRdisseminatiorand engagement activitigkrough social media. Given a collection that consists of
the official hakAIR accounts in different social méjgigurel7), the communication managers of the project can

use the fee and dashboard pages (sect®g, Figure4 andFigureb) to assess the audience reach and engagement
with respect to hackAlRn the feed viewHigurel8), the user can see all the posts made by the official hackAIR
accounts along with number of sharestreeets and sort them byime of publicationor popularity whle in the
dashboard viewHigurel9), aggregated audience statistics such as total number of endorsements and users reachec
are displayed.

Discover  Browse

hackAIR

Improve your collection:

air quality | air pollution | haze | PM10

Greenpeace W

i

WWF 3*| CapeNature f

w .

B CANCEL AND BACK

veoOed

Figurel7: Definition of collection for tracking the official hackAIR account o Facebook and Twitter
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Figurel8: Feed view of the collection that tracks the officiakAH accounts

28 Currently hackAIR is represented in Facebook and Twitter.
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hackair's official accounts.
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Figurel9: Dashboardiew of the collection that tracks the official k&R accounts

Additionalstatistics are also provided by the native insights features offered by the social media plaiftihms
administrators of the account&igure20, for example, shows ay | LJAK2 3G FTNRBY (F&ctboo& S| C
Insight® page where drend lineof post reach is provided, distinguishing between organic and paid é.eeghlt

of a post promotion campaign) reach, whligure21 shows a snapshotdm the éPeoplé sectio/ 2 F CIl O0So
Insights pages where aggregated demographic dbtaut the people who have seen content associated with
KFOl!LwQa CIFO0So6221 LI 3S | NXBoptindigsiciteS/Rnguaded)S® I 3Sk ASYyR

Post Reach
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Compare your average
performance owver time.
Organic

Figure20: Post reach of hackAIR account from Facebook insights page

29 https://www.facebook.com/help/search/?g=insights
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Figure21: Audience demographics of hackAIR account from Facebook insights page

Even thoughthe metrics providd by the current version of the hackAIR social media monitoringatabthe
insights offered by the social media platfs providea goodoverall ideaabout thestate2 ¥ K| O1 ! L wR & LJ
social mediand aboutthe compositionof itsaudience(in the form of aggregatedemographick theyprovide little

or no guidance or support for implementing the hackAIR engagestrategy. In particular, they neglect valuable
informationthat is hidden in thetructure of the network formed kiyre hackAIR audience

Following the typical structure sbcial networks, the network of hackAIR followexkibitscommunity structure
(Papadopoulos, Kompatsiaris, Vakali, & Spyridonos,,204.2he nodes of the network (followeirtgnd to form
groupsthat are densdy conneckd internally (i.e. between nodes of the same group) and sparsetynected to

nodes of other goups (see e.grigure22). Uncovering community structure ofimportance because it facilitates
building an understanding regarding the dynamics ofritevork (e.g. information is transmitted faster within a
community) and the roles that different nodes (social media accounts) have with respect to information
dissemination To this end we deviseda methodology for analyzing the structuoé the network of hackAIR
followers and for the discovery of communities of followers and of highly influential users in these communities. We
believe that such analysis particularlyuseful for the communication managei hackAlIRpffering supportfor
desigring andexecutingheir dissemination and engagement strageg

Figure22: A network displaying community structseurce Wikipedia)
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5.1Communities the Twitterfollowers networ&f hackAIR

In this section, we describe detail the methodology that we applied to discover communities in the network of
followers ofthe hackAIR official Twitter account (@hack_&if. also provideisualizations of i network where

the different communities are highlighted and identify infludnisers in each communityhismethodologyis not
applicable tahe Facebook platform due to API limitatiphge.we cannotobtaininformation about which Facebook
User or Page likeal certain Facebook page

5.1.1Follower graph construction

A gaph is a mathematical structure thatused to represent sets of objects that exhibit pairwise relations between
them. More formally, a graph is an ordered pair @HO comprising a set of vertices or node$ogether with a

set of edge®, which ae pairsof vertices(i.e., an edge associates two vertices). In our case, the vertices of the graph
correspond to the followers of the hackAIR account and their follpwedsthe edges of the graph correspond to
the follow relationships between all the$wvitter accountdi.e.,the graph corresponds tihe 2-hop neighborhood

of the hackAIR accoynt

To buildsuch agraph, the necessary dateere retrieved from the Twitter APMore specificallythe followers/ids
endpoinf®was used, which returnsallecion of useridsfor every usefollowing the specified user. The endpoint
was first queried using thed of the hackAIR account (@hack_air) as inpaturning the ids of the immediate
F2f{t26SNAR 2F KIFIO1l!'Lwd ¢KSy> (2 NBUGNRKRSOS was KsBd treadirigf 2 &
each of the returned accounts as input to a new query. To give an indication about the size of ting restwbrk,

when this procedure was applied in rdigly, itamountedto a total of 331,691 follow relationships (graph edges)
between268,123 distinct accounts (graph vertices), 374 of which are immediate followers of fackAIR

Note that this data colléion procedue took about 7 hours because the Twitter API allows only 60 requests per
hour to thefollowers/idsendpoint. Moreoverio facilitatea moreinformative visualizatio of the graphadditional
queries must be performed teetrieve theaccount nanes (e.g. @hack_air) corresponding to the retrieaszbunt

ids (e.9452527154% In particular, theusers/lookupgendpoinf® was used, whicheturns user objects for up th00
users per request, as speéedf by commaseparated values passed to theer_idparameter.The Twitter API allows a
significantly higher number of requests per hour to this endpoint (36&4)ing to a total o5 minutesto retrieve

the names of all 268,123 accounts.

5.1.2Community detectiocand visualization

To perform communitydetection in the graph of hackAIR followerge usa the Louvainalgorithm (Blondel,
Guillaume, Lambiotte, & Lefebvre, 200Bjis is one ofthe most widely usedlgorithmsand has been successfully
applied to networks of mangifferent types, including social netwsrkampled fronTwitter (Grabowicz, Ramasco,
Moro, Pujol, & Eguiluz, 2012pnd Linkedin(Haynes & Perisic, 2009Jhe method is a greedy optimizer of
modularity a measureof network structure thaguantifies the quality of a community assignment by measuring
how muchdenserthe connections are within communities compared to what they would beaindmmnetwork.

The Louvaimlgorithmworks in two step. In the first stepthe method looks for "small" communities by optimizing
modularity locallyln the second stepit aggregates nodes belonging to the same community and builds a new
network of which thenodesrepresent the firsievel communities. Thes steps are repeated iteratively until a
maximum of modularity is attained and a hierarchy of communities is produced. Although the exact computationa
complexity of thealgorithmis notavailable in analytic forit has been empirically showa run in ime0 £1 1£C

with most of the computational effort spent on the optimization at the first level.

%0 https://dev.twitter.com/rest/reference/get/followers/ids

%L A reduced version of this graph (after filtering nodes with only a single connection), which was used for the rest of the
analysiscan be found herenttp://hackair-mklab.iti.gr/simplified network.zip

32 https://dev.twitter.com/rest/reference/get/users/lookup
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Before applying the Louvaadgorithmon the hackAIR follower graph, we first renmbveafnodes (i.e. Twitter
accounts that are connected to ordysingleaccount)to simplify the graph and tgeneratean easier to readisual
representation This led to a smaller (and denser) graph of 32,051 nodes and 95,582 edges. When the Louvai
algorithmwas appliedon this graph 13 different communities wergiscovered (0.545 modularity scoréye usel

the implementation offered bthe Gephi® opensource graph visualizationfsvare with default parameters

Figure23 depicts a visualization of the grapfobtained using Gephiwhere he layoutwas determined by the
ForceAtlasZJacomy, Venturini, Heymann, & Bastian, 2@tdph layout algorithrmodes are colored according to
community assignnré and their size is proportional to tiheedgedegree (i.e. total number of incoming edgdsy.
inspecting the most influential nodes (those with higher degree) of each community, the folldvakpvant
communities of Twitter accountgere identified(labeled inFigure23): 1) sciencennovation 2)smartgreen cities3)
technology, open data and sens#éys]) technology, open data and sens8r$) Ukand geneal air pollution accounts
6) Germaraccounts 7) Belgian andNorwegianaccounts 8) Frenchaccounts 9) Irishaccounts,10) Greek accounts
The hackAIR accouistlocatedat the center of the graph angdas assigned by the algorithmthe community ofUK
and general air pollution accounte have also created a very similar vaaised view of this graph to facilitate the
interactive exploration of the hackAIR tvop neighborhood. This weliew is available onlifie

smart-green
cities

Te@ndﬁ»gy,.ogen data
@ and sensers 2
Technology, open data . _
and sensors 1 e UK and general airs
% quality accounts

@h'a’gk_air

Figure23: Veualization of dierent communities in the hackAIR followers network

% https://gephi.org/

% http://hackairmklab.iti.gr/hackainetwork/: At the time of writing this deliverable, the implementation of the visualization is
based on thesigma.jsgraph visualization library, vehi limits the number of nodes and edges that can be shown in interactive
mode, and as a result a reduced version of the hackAIR network is shown. In the coming period, we plan to switch into a WebC
based library that will make possible the interactivaaligation and exploration of graphs with tens of thousands of nodes.
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Figure24 zooms into the scienek Yy 2 @ G A2y O2YYdzyAidezr Fft26Ay3 | Y2NI
structure such as the most influential users and connections between them. Similar Zzoowasls have been
generated for all the discovered communities and are provided in the Ap§Eiglixed-igure26-Figure34).

g o i ; pEYy

Figure24: The sciencenovation community of the hackAIR followers network

5.1.3InfluentialTwitter accounts

In this subsection we try to detect influexi nodes among the nodes thie hackAlRollower graph.

5.1.3.dnfluential@ountsnthehackAlRollower graph

Usinginformation fromthe graph we couldlocate the most influential accountse. accountshat are followed by

many others (and therefore likely to exert influence on thehathis end, we first filtered nodesbased on theiin-

degree i.e. thenumberof incoming edgekeeping only nodes that were followed by at least 100 accountsh&¥ie
manually inspeetd the remainingnodes(216)in order to select those that correspond to widuals To limit the
amount of manual effortwe usel the reducedgraph described isection5.1.2(i.e. the graph after removingl
leafnodeg. The resultinglist contains 5 accounts. Among these accountiere are researchers, journalists
innovators,entrepreneurs and generally users thpatst about issues related to trevironment, air quality, green
infrastructure and sustainabilitf-hese influential users are shown Fablel13 in the AppendixNotice that due to

the way thatthe input graphwas constructedas describeéh 5.1.1), alldiscoverednfluential users are followers of

the hackAIR accour(asthey have higher number of incoming edges compared to their follpi@rsvhich no
followers were collectedAlthough discovering influential users out of the existing follower base of hackAIR is useful
for tailoring the social media strategy of the ject, we were further interested in relevant influential accounts that

do not follow the hackAIR account (and hence could be the targets of communication efforts with the hope of
growing the project follower base). This effort is described in the nexjegta
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5.1.3.anfluentialc@ounts that do not follow hackAIR

To find influential users that appear in the graph but do not follow the hackAIR account we need information abou
the number of follower®f these uses. This information ws already retrieved when weueried theuser/lookup
endpoint insection5.1.1 Due to the fact that a large amount of thessersmay beirrelevant with air pollution

topics, we make the following assumption regarding relevance: the relevance of an aoccatkAIR is highly
dependent on the number of hackAIR followers that this account fo(lsiwse these accounts are highly likely to
regularly post about air quality issues and news)

With this in mind, we first filtered accounts with less than lfedowers (in that case 1000 was used instead of 100,
since the initial set of accounts was much larger and contained much more influential ac@ndttlenalso

filtered accouns that followed less than 10 hackAIR followditse resulting list compride270 accounts, which we
manually inspected in order to identify the ones that correspond to individietde14 in the Appendipresents

the resultingd4 accounts Thislist canserve as aaluable resource for theackAIR communication managers, who

can directly approach these accounts with the goal of engaging them in the hackAIR outcomes. This will happe
regularly in the coming period, and to further assist in this process, this list of influential usersregillbady
updated by the social media monitoring tool.

5.2Reach of hackAIR account

To get more insights abothie number ofusersthat hackAlRpostscan reachwe calculate the maximum reaci

the hackAIR accouitow many users can see a tweet if all fodoswetweet it) and we try to detect the most active
followers and their corresponding communities. TlaekAIRTwitter account has 374 followers. Fraine previous
section it was found tha68123 accounts follow these 374 usefherefore if everyhadkAlRfollower retweeted

its tweets, these could potentially reach 26823 accountsln practice, however, only a small number of followers
retweet posts (this is a general observation and not particular for hackAIR). To quantify the actual retweeting activit
around hackAIRywe query the statuses/user_timelifiendpoint which returns a dlection of the most recent
Tweets posted by a certain ugbackAIR in our casét the end of July 201%e hackAlRaccount timeline hé 305

tweets, 136 of which were retweeted tweets from other users and 169 were original tweetsthermore, we
queried the statuses/retweets/:itf endpoint, which eturns a collection of the 100 most recent retweets of the
Tweet specifiedpthe id parameter, and udehe ids of the above 169 tweetResults showed that 61% of hackAIR
tweets are retweeted by at least orecount. Also, 124 of all followers have retweeted at least one twebeof
hackAIR accountable9 presents the top 15 accouniis terms of number ofetweeting the tweets ofthe hackAIR
account Regularly monitoring this list can help communication managers identify the type of content that is mostly
appealing to certain followers so that they can tune their future posting activity.

Table9: Top 15 retweeters of hackAlR@ant

Username Retweets  Community |
@AFellermann 22 German accounts

@CAPSSIEU 15 Science; Innovation

@CleanAirLondon 13 UK and general air quality accounts
@CleanAirUK 11 UK and general air quality accounts
@wiebkehere 8 Technobgy, open data ansensors 1
@codeforS 6 German accounts

@CERTHellas 4 Greek accounts

% https://dev.twitter.com/rest/reference/get/statuses/user timeline
%6 https://dev.twitter.com/rest/reference/get/statuses/retweets/id
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@greenfabbxl 4 BelgianNorwegian accounts
@ClairCity 4 UK and general air quality accounts
@Philippe_Segers 4 Science; Innovation

@airqualityindia 4 UK and general air qual@égcounts
@cliffordious 4 UK and general air quality accounts
@PSyropoulou 3 Greek accounts

@UTconnect 3 Technobgy, open data and sensors 1
@Open_AQ 3 UK and general air quality accounts

In a further analysisptfind the most activig retweetingcommunitieswe calculatdor each communityhe number

of accountsthat retweet hackAIRweets andthe number of retweetsResultdor the most active communitiesre
presented inTablel0. According to it, communities comprising general air quality accounts, science and innovation
accounts, and German accounts are the three most active in terms of spreading the hackAKh@estg. which
communities engage most with the posts of hackalRdchelp communication managers in two ways: a) reinforce
already active communities by increasing the number of posts about topics they have already retweeted, b) engac
more actively with the remaining communities by diversifying the topics postegb@etgnore topics about smart

cities and air quality to engage tf&martgreen citiescommunity which currently ranks eighth). An additional
observation that one may make by seeing the data is that the language of posts may play a role in the spread of
message. For instance, Belghorwegian, Greek and French communities rank below English and German ones.
This may indicate that a mulihgual communication strategy should be considered for maximizing the geographical
spread of hackAIR posts acrossofe.

Tablel0: Most active communities based on the number of retweeters

Community Accounts retweeted Retweets |
UK and general air quality accounts 32 69
Science Innovation 20 44
German accounts 15 45
BelgianNorwegiaraccounts 14 19
Technobgy, open data and sensors 1 13 27
Smartgreen cities 11 16
Greek accounts 5 12
French accounts 4 6

The final part of our reach analysis is based on the analysis of the distribution of retweets for hackAIR posts and th
relation with the actual reach they achieve on the hackAIR follower network. The left pigareR5 illustrates the
distribution of retweetdor hackAIR post#t appears that the majority of hackAIR posts receive zero or one retweet,
while there are only few posts that were retweeted heavily (>10 tirklesyever, analysis of the number of retweets

on its own des not paihthe whole picture. For that reason, we made use of the hackAIR foljpagdrin order to
compute the maximum reach for each post. This was done by counting the total number of nodes on the networ}
that could potentially read the post. Thisigual to the union of the neighborhoods (sets of neighboring nodes) of
the hackAIR account and of all accounts that retweeted the post. Compared to the number of retweets, this is
much more accurate measure of the audience size for hackAIR, sincengaem taccount retweets a post, all its
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followers may potentially se€’it The right part ofigure25 provides a much more insightful view into the reach of
hackAIR posts. This is a scatter plot ofrdseh for each post (each pastrrespond to a dot) in relation to the
number of retweets that it achieves xis). Based on this plot, one may categorize hackAIR posts in three groups:

T Normal:i¢ KS&aS | NB Llada dGKIFiG | OKAS@PS (KS &aSELISOGSRE
dots appearing at the bottom left part of the plot and exhibibaghlylinear relation between reach and
number of retweets.

1 High performersThese are pds that exhibit very high reach even though their numbers of retweets are in
the same order of magnitude as the ones achieved by the Normal posts. They are the green dots appearing
the top part of the plot.

1 Lowreach:These are posts that only achide# or moderate reach even though their numbers of retweets
are higher than the ones of the Normal or even the High Performers.

Further insights are gained by inspecting some examples of posts from each of the above caledteiEslists

four examples from each category along with the number of retweets and reach that each of them achieves. A firs
noteworthy observatiornis that for the same number of retweets, High performers can reach tens of times more
accounts compared to Lekgach posts (e.g., compare the second High performer that achieved a reach of over 40K
accounts with just Tetweets with the fourth lowreach post that achieved a reach of only 553 for the same number

of retweets. By inspecting more closely the High Rarérs, we observed that in all cases, their very high reach was
due to the fact that they were picked up and retweeted by the highly influential @CleanAirLondon account, whick
has more than 37K followers. Three out of the four example such posts carkaitolirelevant articles, while the
fourth one informed about two of the hackAlRareation workshops. A key learning from this analysis is that it will
be very beneficial fonhackAIR to attract the interest of highly influential accounts such as @ @lesan and
manage to get them to spread the news about the project. Thanks to the analysis of 3dc8and the resulting

lists of influential accounts (Tabl@sble13 and Table 14), it is nowpossible for the hackAIR communication
managers to focus their promotion efforts smchhigh-profile accounts.

70
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#retweets #retweets

Figure2sY wSG6SSG I yR NBIFIOK Fylféeara 2F onp K{OT!'WHGNIIRHA 23D 2[F!
on the hackAIR follower graph versus their retweets.

In reality, only a fraction of follower accounts really sees a given post that is tweeted by the followed. ddwwactual
number of times that a tweet is seen by other accounts is more typically referrecitonder of impressiorend is reported by
the native Twitter analytics tool (only for the last 28 days). In the case of the hackAIR account, the numpbessibns for the
last 28 days (30 August 2017) amounted to 6,113.
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Tablell: Indicative examples of posts from each category (Normal, High performersatchyv

Tweet Retweets Reach Category
Interesting! Article on loweost #sensors for #airpollution monitoring:

A p . A P = p . A 7 12,061 Normal

ANBFUG LRZUOSYuUuAl 2 Rhtipd:/t.dp/daBdspvbre Y

1 I H
We.re busy! Sensgr tgstlng, platform development, usgagement,... 5 1,055 Normal
Action on #airquality in GR, NO, GE, BB}jtN&://t.co/ZgHWKnvpuf
Sept 12: Workshop Internet for #EnvironmentalMonitoring w/
@NILU_now @CERTHellas @Draxlssz/t.co/lpQ5YGYgND 1 877 Normal
https://t.co/nn77opdeZ8
How #a.lrpollutlo.n affects your heaklinfographic on the main pollutants 0 374 Normal
and their health impactsttps://t.co/rrzvpb4Tdt
Great story about using mobile #airquality #sensors when cycling in N :

. . . 11 43, High performer

York + benefits of exercise vs the downsfdgss://t.co/Y|jo6yycV4 3,663 'gh periorme
Benefits of #opendata. No clear figures on #airquality: any research o .
how open data helps fighting #airpollutionf®ps:/t.co/f4gVachmhM ! 41,352 | High performer
Health risks of #airpollution: Living near a freeway is equivalent to 10 :

. . 6 40977 = High perf
passively smoked cigarettes. @psmahntkss://t.co/UNLwuduQJ8 'gh pertormer
And you can discuss #airquality #monitoring withRgllermann in 2 eo .
creation workshops, 20 O&t10 Nov in Berlimttps://t.co/9Sr06FbuilL 3 40,301 | High performer
Survey on all things #airpollution and #citizenscience! Contribute to
science and action on #airquality in BEts://t.co/Lc8BEcCdGAEL 14 11,973 Lowsreach
How to deploy #AirQuality #sensors in local communititerelsting
. A - 7 . . ot 10 4,172 Lowreach
6S0AYE NI (2Y2NNE BpsWozb/ETAIMYITKK X 9t ! W
How #OpenData platforms, leswst sensors &amp; mobile apps are
L2 6 SNFdzf G(22¢4 TraNIiedBhdP8MDil | A NV ° 4031 | Lowreach
hackAIR project presented by Paulien Coppens & @VeeckmanCaring
| | YL dZA3Ay3I5FGF F2NJ 1 ayYlNIGOAGeE 7 553 Lowreach

https://t.co/hNh34LAIQD
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6 Conclusi@and future work

The deliverable presented tlmitcomes of our work on the development of social media monitoring tools with the
goal of supporting and assessing the engagement strategy of the paopbdis communication and dissemination
activities. After presenting the core social media monitoring technology that was used as basis for our work, th
deliverable focused on two new capabilities that were considered to be of importance for the hadel&rent

and communication strategy:

9 Discovery of accounts that are of relevance to the project based on the text description of their profile and tr
text of their posts.

1 Analysis of hackAIR audience with the help of a community detection algorithimeansitof graph analysis
to identify influential accounts within and outside the follower base of the hackAIR Twitter account.

At the time of delivering this report, the social media monitoring tool of Se®t®set up andnonitors social media
activity around topics of relevanéer hackAlIR. In addition, the newly developed capabilities described in Sdctions
and5 have been applied on actual data of relevance to hackAIR, and their results were made available to hackA
partners ad their further use in the next period of the project has been discussed.

In particular, followingip ona discussion with the project communication manager (ONSUBaHECAgagement
strategy experts (VURhe following actions are plannéd

Identification of hackAIR ambassadorsrough the social media monitoring tools influential users can be identified,
who are already part of the hackAIR network or whmatsyet. In respect to the engagement strategy in WP6, pilot
coordinators and local communication managers, in collaboration with CERTH, will rqurocésses described in
Sectiorb to identify ambassadors on a regular basis (once per quarter).

Engagemenvia following relevant account®©nce thehackAlRplatform is launchedn autumn 2017the hackAIR
social media accountsill follow all accounts on the list of relevant social media accdliatsvas produced by the
method of Sectiort. Thiswill result in a notification to thee users, andmany of them are expected tdake the
opportunity to check out hackAIR's profile and potentially foilolwack. The lists of automatically discovered
relevant accounts will be regularly updated in order to reinforce this type of engagement.

Engagment via direct communicatiofihe hackAIR communication managél select andcontact a subset of the
most relevant accounts directly (either by direct message or @mention) and invite them to try out the hackAlR
platform. The selection of such accoumil be based on how likely it is for themdontributeto the pilots.

Assessment and communication feedbaakdience analysis activities similar to the ones presented in SBatiitin
be periodically carried out (once per quarter) and their reseitewed duringthe regulaty scheduledngagement
calls:in that way,it will be possible tdocus on actionable insightierived fromsuch analysiand use thse insights
to improve the communications in the pilots ahe overall project

Discovery of hackAliewsworthy articles from social medigis will provide hackAIR social media account managers
with content that is worth shargnand that could eventually lead &m increased follower base. In addition, it will

help the consortium stay uip-date with the latest developments and trends in the area of air quality research,
technology, activism and policy. From a technical pointes¥, newsworthy content discovery will be based on the
monitoring of shared links to articles from selected lists of accounts and on devising relevance models that use tr
content of the articles and their popularity (e.g. number of likes, retweetgntothem before presenting them to

the hackAIR social media managers.

8 Given that WP6 (T6.3) activities are concluded with the delivery of this report and the accompanying tools, i follow
activities will be carried out within ongoing tasks T5.8Jfoil SOKY A OF f A YLINRB@SYSyida GKIFG @At
feedback) and T7-87.4 (for interactions and analysis related to pslp¢cific data and results).
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Improvementson advancedaccount discovenf-uture echnical work will focus amproving the quality, relevance
and comprehensiveness of automatically produced redhmitsally, we aim toimprove the classiér of relevant
irrelevantaccountshy taking into consideratiatiie text contentof their posts(in addition to the text description in
their profile) This would lead to even more accurate results and aatsenable us tadiscovermore keywords
related to air quality, which could in turn be ugedetch more candidataccounts

Another improvementconcernsthe extersion ofthe user discoveryprocessbased on tweet (as presented in
section4.5) to leveragetweets from all oveEurope andhe world. Thiswill make possible toollectair pollution

related content from more sourcesaround Europe andhe world. Finallywe plan to further usea multimedia
geotaggind’ moduleto make estimations abotihe location ofaccounts byanalyzinghe textof their posts or other
metadata, e.gthe description or the namia their profile

%9 https://github.com/MKLak TI/multimediageotagging
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7 Appendix

Figure27: technology, open data and sensorinmunity of the hackAIR followers network
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Figure28: technology, open data and sensorsohmunity of the hackAIR followers network

Figure29: UK and general air quality accouatsnmunity of the hackAIR followers network
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