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Abstract

This deliverable present the FashionBrain research towards understanding the
fashion influencer ecosystem, the way they are related to each other and to the
public. We developed a set of tasks and questionnaires that can run on a focused
sample of the crowd population.
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1 Introduction

Fashion influencers have in important role in shaping web advertising, contributing
to create fashion trends and affecting marketing strategies. FashionBrain broader
goal is to develop a set of techniques that will allow to continuously probe social
media to keep the knowledge on fashion trends updated. To achieve this goal, it
is necessary to understand the way influencers are connected to each other and to
the public, i.e. explore the social graph of existing influencers and understand how
users start to follow new accounts.

We start in Section 2 by studying the crowdsourcing environment with respect to
fashion, and the state-of-the-art of influencer detection.

In Section 3, we first describe the crowdsourcing task used to collect candidate
fashion influencers, then, we present Open Crowd, a crowdsourcing aggregation
framework designed to infer the real fashion influencers from a set of candidates
given by workers, and evaluate it against state of the art aggregation methods.

In Section 4, we design a crowdsourcing experiment where workers actions are
recorded while they explore social media feeds to identify new fashion influencers:
the corresponding dynamical social graph will be studied and used to develop
Machine Learning (ML) techniques (using Flair trained on the FashionTweets
dataset of Deliverable D3.4) with humans-in-the-loop to automatically explore a
social graph and extract candidate fashion influencers.

Moreover, we will use some traditional statistical techniques to provide estimates
on the size of the unknown population of (still) undiscovered emerging fashion
influencers.

1.1 Scope of this Deliverable

This Section contributes to the findings of T3.3 “Focused sampling: Crowdsourcing
fashion data source search” and contributes to the Core Technology 3:
“Crowdsourcing interfaces and quality metrics”. It uses findings from T3.1, T3.2,
and T3.4. In particular, it uses some models and datasets from D3.4 (Flair model
trained on our FashionTweets Dataset), and assess their capability to generalise
to different contexts. This deliverable is the result of collaboration of UNIFR
(Open Crowd), USFD (Fashion Influencer) and Zalando (Flair for fashion content
detection).

D3.3 – Surveys Design and Crowdsourcing Tasks 1



2 Pilot Experiments and Ecosystem Assessment

In this section we report our pilot studied necessary to understand both the
crowdsourcing environment with respect to fashion, and the state-of-the-art of
influencer detection.

2.1 Crowdworkers’ Fashion Expertise

We first run an experiment to assess crowdworkers expertise in fashion, to then
successfully devise a framework to probe social networks for new trends. The first
question to answer is: are European crowdworkers able to correctly recognise fashion
influencers? Are crowdworkers familiar with them and with the most important
social networks used for fashion?

To answer these questions, we used the dataset kindly provided by Fashwell. This
dataset contains 118 Instagram fashion influencers, with profile picture, biography
and 100 posts each, together with some basic metrics as number of comments and
likes per post.

We then have built a task asking the crowd to assess each Instagram account, as
shown in Figures 2.2-2.4. The questions are build so that we could assess crowd
worker proficiency in the social network, as well as their ability to recognise famous
and less famous influencers. We asked the set of questions to three different workers
for each influencer.

From a preliminary analysis we can draw the following observations:

• Workers are able to identify that these influencers work in fashion easily, as
shown in Figure 2.1. We believe that the crowd can be used successfully to
recognise fashion influencers from a larger pool of Instagram accounts.

• Only in 47 of 336 cases the worker was able to recognise the influencer.

• Only in 3 of those 47 cases the worker is actually familiar with the influencer
and following them on Instagram.

From these preliminary results we can conclude that a human-in-the-loop solution
is possible, but very arduous if not first preceded by a target recruiting/targeted
training of the workers.

For this reason, we will first focus on expert recognition to clearly characterise
fashion influencers. Expert recognition have been extensively studied in the data
mining community [14, 15].

We can divide the methods used to identify experts into two main approaches: a
graph based approach and a feature based approach. In the graph based approach,

D3.3 – Surveys Design and Crowdsourcing Tasks 2



2. Pilot Experiments 2.1. Crowdworkers’ Fashion Expertise

the community is represented as a graph and experts are identified with algorithms
such as PageRank, HITS and their extensions [12]. In the second one, the expertise
dimensions are learned with supervised machine learning methods and used to
identify experts. In this work, we assess workers expertise in fashion. We see this
as a first step towards using the crowd network to identify fashion influencers. The
plan is to design a task where we optimize the routing between workers to eventually
reach those who can reveal emerging fashion influencers.

Figure 2.1: Crowdworkers’ recognition of field of work of Instagram accounts.
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2. Pilot Experiments 2.1. Crowdworkers’ Fashion Expertise

Figure 2.2: Crowdsourcing task for Instagram accounts (part 1).
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2. Pilot Experiments 2.1. Crowdworkers’ Fashion Expertise

Figure 2.3: Crowdsourcing task for Instagram accounts (part 2).

Figure 2.4: Crowdsourcing task for Instagram accounts (part 3).
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2. Pilot Experiments 2.2. Crowdsourcing Reproducibility and Repeatability

2.2 Crowdsourcing Reproducibility and Repeatability

We investigated the repeatability (over time) and reproducibility (over multiple
platforms) capabilities of crowdsourcing experiments in fashion (reported in detail
in [16]): from this analysis, we confirmed that crowdsourcing tasks repeated over
time are reliable, but it is necessary to consider some platform biases, as explained in
detail in Deliverable D3.4 Section 3.3, where we provide a tested method to mitigate
such biases.

2.3 Analysis of the Influencers Market Ecosystem

In order to understand how to reliably and efficiently detect new trends in fashion, it
is necessary to first examine the state-of-the-art from the industrial side. We reached
out and interviewed three influencers experts working for three European companies:
Collabary, Influencer-Check.ch and Reachbird.io, asking specific questions on how
the influencers market works and what are the techniques used to detect fashion
influencers.

2.3.1 Fashion Influencers Ecosystem

The fashion influencer ecosystem is made essentially of three parties: The fashion
brands, the influencers and a platform connecting the two. Every party benefit from
one another.

Brands and retailers have adopted fashion influencers to promote new trends and
reach a wider audience. In fact, fashion influencers help brands to present their new
products to consumers in an authentic way. Therefore, their impact on spreading
awareness of these new products is more relevant than paid advertisement. In fact,
65% of fashion and retail brands launched campaigns with influencers over the past
year and 74% of those experts found that influencer marketing was effective at
driving sales in 2016 [1].

Fashion influencers need to continuously create content in their social media accounts
(Instagram, Youtube, etc.) and have an engaged relation with their audience. By
definition, influence is the “act or power of producing an effect without apparent
exertion of force or direct exercise of command”. In fact, the fashion influencers
followers look for an authentic content therefore influencers need to “stay true to
their style” and have the right collaborations.

This is where it comes the role of the platforms that connect brands with influencers.
For example Collabary offers “a marketplace that give access to all relevant players
and hence enables the brand to reach their audience in an authentic way [. . . ]
Collabary covers the campaign creation, the discovery of influencers and the
management of their participation in the campaign.” These platforms also play

D3.3 – Surveys Design and Crowdsourcing Tasks 6



2. Pilot Experiments 2.3. Analysis of the Influencers Market Ecosystem

a role in creating new campaigns and then provide “extensive reporting on the
campaign performance”.

2.3.2 Profile of Fashion Influencers

Understanding whether a person is a fashion influencer can be rather difficult in the
fashion marketing world: celebrities that have other professions, like models, actors,
and athletes, can sometimes be considered influencers, because celebrities also start
to boost their own social media channels and some Influencers that started off with
blogging as a hobby, now are considered celebrities, e.g. Chiara Ferragni [19]. They
both get either paid by a brand or genuinely like it and tell the world with either
themselves or their social personality [8].

However, we can identify three key differences between influencers and other fashion
actors:

• Celebrities core profession is related to an industry – singers, actors,
professional sportsmen, politicians – they can of course be brand ambassadors,
but their main professional activity is not being a full-time influencer. On the
other hand, fashion influencers have this as profession (full time) – they focus
heavily on creating and curating content for their Social Media accounts, that
is in line with their persona/brand and cater to their community [19].

• Influencers are closer – one could say they have a personal relationship – to
their followers, while celebrities might have a greater and worldwide following,
but not as close relationship to them [19].

• There is a stronger proclivity among influencer to actively engage in the
creative process, as in contrast to many celebrities they draw their credibility
directly from the content. Content creation is at the heart of their business
model and not just one way of monetization as for e.g. an athlete [8].

Influencers are usually tied to specific brands, and their “specialisation skills” (such
as lifestyle, fashion, beauty, food, etc.), their geographic location and the ones of
their followers are important factors taken into consideration when looking for a fit
between an influencer and a brand for a collaboration [8, 19].

The companies we contacted consider five main characteristics an influencers should
have:

Authenticity: the ability to stay true to their style/brand and community when
communicating and deciding on collaborations.

Communication: the ability to engage with one’s audience and the relevant
influencer community (get to know other Influencers in real life and support
colleagues, even planning co-creation sessions), as well as being professional
(responsive) in the communication with brands during collaborations.

Dedication: the ability to manage their account as a full-time job, meaning,
continuously creating and curating content (postings/video/stories) for their
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2. Pilot Experiments 2.4. Lessons Learned

accounts as well as being active on social media.

Branding: the ability to treat and work on their social media account as a brand,
meaning, the ability to find and keep a consistent and unique style, imagery
(feed) and tone of voice.

Mission: the ability to generate value either for society in general or their
community.

2.3.3 Influencer Detection – State-of-the-art

We now investigates what are the techniques used to detect fashion influencers.
Usually [13], a weighted average of the following indicators is used:

Average engagement rate: the ratio of number of comments/likes to number of
followers.

Comments/like ratio: the ratio of number of comments to number of likes.

Followers/followed ratio: the ratio of number of followers to the number of the
following accounts.

Mentions: the number of mentions of the influencer.

Ad/No-Ad ratio: the ratio of ads to the number of posts without ads.

Follower growth rate: change on the number of followers within one month.

Sentiment of the comments: analysis of the mood in the comments.

Klout score: A numerical score from 1 to 100 that measures the size of an account’s
social media network and correlates the content created to measure how other
users interact with that content [17].

However, often these metrics are not enough to properly detect new influencers,
because of the plague of bought followers, and for the difficulty or properly predict
authenticity and engagement rates. Because of that, multiple solutions are taken
into consideration.

Manual screening: the use of experts that will manually screen the influencers posts,
taking attention to imagery quality, feed consistency etc. Experts can decide to
onboard accounts based on exceptional results even when the metrics are below the
established thresholds, for example because of exceptional engagement rate/imagery
or a recent fast-growing follower community [19].

The shift towards micro influencers, where screening is easier and potential
manipulations are easier to spot [8].

2.4 Lessons Learned

The information gathered from our pilot analysis and our experts interviews make
clear that influencer detection can be a candidate problem to be solved in a human-
in-the-loop fashion: some features are easily detected automatically (number of
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2. Pilot Experiments 2.4. Lessons Learned

followers or metrics related to understand activity level like number posts over
time), while others require more manual annotations (like authenticity or quality
of content). This is why a hybrid crowdsourcing approach using automatic metrics
together will manual screening is a solution that FashionBrain will pursue. However,
we discovered that a preliminary targeted recruiting phase is necessary to select the
most competent crowdworkers in this niche field.

D3.3 – Surveys Design and Crowdsourcing Tasks 9



3 Influencer Detection Framework

As discussed in the previous chapter, workers in crowdsourcing platforms can identify
fashion influencers. They possess in an aggregated level a broader knowledge of
fashion influencers than individual experts. As an example, while it is generally
difficult for an expert to come up with a long list of fashion influencers in a short
period, it is much easier to obtain such a list by asking online workers. Therefore,
we design a crowdsourcing task where workers are asked to name as many candidate
fashion influencers as possible. By aggregating these answers, we can identify the
identities (e.g., usernames on Twitter) of a large number of real social influencers
efficiently and cost-effectively. In this section, we first describe the crowdsourcing
task used to collect the usernames of candidate fashion influencers. Then, we present
Open Crowd, a crowdsourcing aggregation framework designed to infer the real
fashion influencers from a set of candidates given by workers. Finally, we evaluate
Open Crowd against state of the art aggregation methods.

3.1 Task Description

We published a question-answering task on Figure Eight1, asking workers to name
fashion influencers they know on Twitter. A snapshot of the crowdsourcing task
is shown in Figure 3.1. To set the context and promote workers to reflect on their
experience, we asked workers to assess their domain-specific knowledge (five-point
scale), estimate how often do they read social media posts from influencers (never,
rarely, sometimes, always), and describe how they got to know the influencers.
Workers name candidate influencers by providing their Twitter usernames. The
task took 2 minutes to complete on average. Workers who completed the task
were paid with an initial amount of 30 cents (USD), and with an additional bonus:
they were paid ten additional cents (and up to 50 cents) for every social influencer
they provided after naming three influencers. Through this task, we collected 890
candidate fashion influencers named by 250 workers. We relied on the guidelines
discussed in Section 2.3.2 to label a sample from the collected candidates. Our
primarily analysis revealed that 30.64% are real fashion influencers which confirms
our hypothesis that crowdsourcing can help us find fashion influencers.

1https://www.figure-eight.com

D3.3 – Surveys Design and Crowdsourcing Tasks 10
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3. Influencer Detection Framework 3.2. Open Crowd

Figure 3.1: Crowdsourcing task to find social influencers.

3.2 Open Crowd: A framework to identify fashion influencers

The answers collected from our crowdsourcing task are in the form of free text.
These answers are unknown in advance and we don’t expect workers to provide us
with the same answers. This type of task is known as an open-ended task. In the
A to Z of Methodology of Cambridge2, an open-ended task is defined as “tasks to
which there is not a single absolutely correct answer or where a variety of answers
are possible.” This type of task is very popular in crowdsourcing, however, none
of the existing aggregation methods is designed to handle this type of tasks. We
propose Open Crowd, a framework for finding social influencers through open-ended
answers aggregation.

2https://www.cambridge.org/elt/ces/methodology/openendedtasks.htm
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3. Influencer Detection Framework 3.3. Experiments

Our framework is human-AI collaborative approach that integrates both machine
learning and crowdsourcing for aggregating open-ended answers. It models the true
label of a candidate influencer as dependent on both the features of the candidate
and the reliability of the workers who named the candidate. To infer the truth, we
leverage a small number of expert labels to bootstrap the inference process. Open
Crowd then jointly learns a feature-based model for the quality of the answers and
the reliability of the crowd workers. The model parameters and worker reliability
are updated in an iterative manner, allowing their learning processes to benefit
from each other until an agreement on answer quality is reached. We formalize such
a learning process with a principled optimization algorithm based on variational
expectation-maximization.

3.3 Experiments

We compared our method against state of the art aggregation methods discussed
in Deliverable D3.2. These methods include 1) ZenCrowd [6], an expectation-
maximization (EM) method that estimates worker reliability as a model parameter;
2) Dawid-Skene [5], an EM method that learns worker reliability as a confusion
matrix; 3) GLAD [22], an EM method that simultaneously learns worker reliability
and task difficulty; and 4) LFC [18], an EM method that incorporates priors in
modeling worker reliability. The results are reported in Table 3.1.

Open Crowd achieves the best performance among all answers aggregation methods
under comparison: it improves the state of the art by 6.94% accuracy and 62.06%
AUC. This significant improvement clearly demonstrates the effectiveness of our
framework in open-ended answers aggregation.

D3.3 – Surveys Design and Crowdsourcing Tasks 12



3. Influencer Detection Framework 3.3. Experiments

Method Metric
Fashion

50% 60% 70% 80% 90%

DS
Accuracy 0.689 0.716* 0.703 0.688 0.711
AUC 0.191 0.169 0.242+ 0.244 0.263

GLAD
Accuracy 0.697 0.716* 0.724 0.700 0.688
AUC 0.183 0.189 0.229 0.224 0.263

ZenCrowd
Accuracy 0.701 0.686 0.733* 0.702* 0.688
AUC 0.157 0.175 0.203 0.239 0.287+

LFC
Accuracy 0.721 0.694 0.718 0.691 0.755*
AUC 0.203+ 0.203+ 0.225 0.264+ 0.277

Influencer Detection Framework
Accuracy 0.708* 0.740 0.751 0.769 0.889
AUC 0.304 0.350 0.350 0.452 0.495

Table 3.1: Performance (accuracy and AUC) comparison of aggregation
techniques with supervision degree from 50% to 90%. The best performance is

highlighted in bold; the second best performance is marked by ‘*’ for accuracy and
by ‘+’ for AUC.
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4 Influencer Explorer

The existing theory of graph exploration is based on a rather static, connectivity-
based paradigm, where the indication on how two users are connected in the social
graph is given by the friendship status1. The identification of most influential users
in the network have been investigated in many research work mainly focusing on
graph structure and connectivity as the main ingredient to design effective ranking
measure according to centrality measures from network science [23, 21, 2, 10].

However, modern social media are heavily dynamic, and they are dominated by
ephemeral topics (e.g. trending hashtags) and by the platform recommender systems
(suggestion on whom to follow, trending accounts etc.). In other words, often a user
will see the content of an account they do not follow, simply because that content
is relevant in that specific moment according to the user interests and browsing
behaviour.

This makes traditional graph theory not ideal for our goal of understanding how new
fashion influencer are discovered by users: this is especially true in the exploration
phase, when a user is actively browsing to discover new fashion trends and accounts.

We will test these hypotheses and see how they affect the user behaviour in the
fashion exploration phase, by designing a crowdsourcing experiment where workers
actions are recorded while they explore social media feeds to identify new fashion
influencers. Moreover, we will use some traditional statistical techniques to provide
estimates on the size of the unknown population of (still) undiscovered emerging
fashion influencers. Finally, we will analyse how these findings can be used to develop
Machine Learning (ML) techniques (using Flair trained on the FashionTweets
dataset of Deliverable D3.4) to automatically explore a social graph and extract
candidate fashion influencers.

4.1 Data Collection

We prime crowd workers to start from a fashion influencer account (one of the 125
accounts obtained from the Open Crowd experiment described in Section 3) and
explore the Twitter feed with the intent of organically discovering new influencers.
We allow the workers to freely use the Twitter webpage, and collect their actions up
to 5 new account discoveries (5 hops). Workers were allowed to pass through non-
influencers during the exploration phase, as for example fashion hubs/magazines
or other accounts that might be connected to emerging fashion influencers. The

1or similarly, by the not necessarily mutual following status.
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4. Influencer Explorer 4.1. Data Collection

rationale of this kind of “in the wild” experiment is that relying on crowd workers
expertise and memory alone is not enough to properly understand the way new
influencers are discovered.

Figure 4.1: AMT task for Influencer Explorer (part 1).

In Figures 4.1-4.3 we show the instructions and reporting mechanism used in Amazon
Mechanical Turk (AMT): workers were allowed to freely use Twitter starting from
a specific account, and had to report their actions each time they landed on a new
account. The range of actions is rather vast, from clicking on tweets and then a new
account, to follow Twitter trends or hashtags.

We collected 375 exploration sessions, having 3 workers starting an exploration
session for each of the 125 fashion influencers, and a maximum of 5 new accounts
(hops) recorded per session. In total, we collected 653 exploration steps (hops), from
176 unique workers: workers were allowed to have multiple sessions, but without
starting from the same account. They have also been encouraged to discover a new
influencer at each session.

After a pilot session and a qualification session as explained in D3.4, workers received
a fixed amount of $0.6, plus a bonus of $0.2 for each new account discovered.
Moreover, at the end of the collection a time analysis has been performed to provide
additional payment to workers that have been slower than the estimated median
time, to guarantee a payment of UK minimum wage.
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4. Influencer Explorer 4.1. Data Collection

Figure 4.2: AMT task for Influencer Explorer (part 2).

This experiment also extends the Open Crowd collection: here we do not only rely
on worker memory to name candidate influencers, but rather we follow them during
the discovery phase. This extension also allows us to develop a statistical analysis
to estimate the number of undiscovered fashion influencers, as shown in Section 4.2.

D3.3 – Surveys Design and Crowdsourcing Tasks 16



4. Influencer Explorer 4.2. Number of Undiscovered Influencers

Figure 4.3: AMT task for Influencer Explorer (part 3).

4.2 Estimating the Number of Undiscovered Influencers

While the number of undiscovered fashion influencers is unknown, it is possible
to use the fashion explorer experiment to estimate this number, at least in the
vicinity of the sample taken. We use a traditional mark and recapture method,
commonly used in ecology to estimate an animal population’s size where it is
impractical to count every individual. A portion of the population is captured,
marked, and released. In our case, the captured population is our 125 starting
influencers in the fashion explorer experiment. Later, another portion is captured
and the number of marked individuals within the sample is counted (in our cases
this is the number of influencers signaled by our workers that were already in the
list). Since the number of marked individuals within the second sample should
be proportional to the number of marked individuals in the whole population, an
estimate of the total population size N̂ can be obtained by dividing the number of
marked individuals by the proportion of marked individuals in the second sample.
We use a Lincoln–Petersen estimator [20]

N̂ =
Kn

k
,
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4. Influencer Explorer 4.3. Fashion Exploration Behaviour

where n is the number of influencers obtained from the Open Crowd experiment,
K is the number of accounts signaled in the fashion explorer experiment, and k
is the subset of those that were also in the Open Crowd experiment (recaptured
accounts). This method assumes that the study population is “closed”: no accounts
are assumed to have disappeared between the first visit (Open Crowd experiment)
and the second.

In order to estimate the confidence interval of this estimator, we perform
bootstrapping: starting from the empirical distribution function of the observed
data, we construct 10,000 resamples with replacement of the observed dataset (and
of equal size to the observed dataset) and evaluate the confidence interval [7].

From this analysis we obtain an estimated number of undiscovered fashion
influencers of 300.03, with a bootstrapped confidence interval equal to (277.5, 320.2).

4.3 Analysis of Fashion Exploration Behaviour

After analysing the collected data, we observed the following salient behavioural
characteristics of Twitter users for fashion influencer detection.

4.3.1 Motivation

In Figure 4.4, we show the main motivation of following influencers from our sampled
population. Often the users chose indicated multiple options, with almost all of
them indicating both the need of discovering new trends and of improving their
own appearance. Regarding the “other” field, the majority of them indicated as
main motivation for following a fashion influencer curiosity and the desire to get
new ideas.

4.3.2 Discovery Methods

We report here the main ways new accounts have been discovered. We notice that
the following figures may not sum to 100%, as some workers have performed multiple
operations, or operations that were not reported correctly. We indicate as current
account the account they are currently browsing.

Handles/Conversations

The relative majority of sessions (33.1%) reached the next hop through
conversational elements: handles/mentions to other accounts (using “@”) from the
current account, replies and likes to other tweets. This can suggest that users tend
to be engaged when there are meaningful interactions between the influencers and
other accounts.
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Figure 4.4: Fashion influencer following motivation on Twitter.

Hashtags

Clicking on a hashtag (#) accounted for 23.7% of the new discovery. These hashtags
may have appeared on the main feeds, but also on the trending tweets section.
The vast majority of them, however, were hashtags used by the starting influencer.
This is important, because clicking on a hashtag can create a “jump” in the social
graph to a completely different section of the graph, making it hard to predict using
traditional connectivity analysis.

Retweets

For 16.1% of the workers, a retweet of the current account is what made them
engaged to follow another account.

Followers

Only 16.8% of workers used the traditional connectivity, i.e. looked at new influencers
from the list of followers of the current account.
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Recommended by Twitter

A small but significant 7.8% of workers followed Twitter recommender engine to
find new accounts.

Search

While they were discouraged to do so, a small percentage (1.5%) of workers decided
to use the search engine (typically with queries like “fashion influencer” or searching
topics related to the feed they were browsing).

Fashion Related Accounts

During the exploration, about 30% of the sessions went through a (worker-reported)
“hub”2, i. e., an account that is not a fashion influencer, but it is connected to many
of them, like bloggers, fashion magazines etc.

4.3.3 Discussion

From these numbers, we can conclude that a traditional connectivity analysis of
the social graph is not appropriate in modern social media. A more sophisticated
approach is suggested, where a crawler of the social media feed should perform a
random walk, weighted with the proportions shown in this section, to collect a set
of candidate fashion influencers.

Such a crawler would need a hybrid human-machine system to filter out the parts of
the graph that are less likely to contain fashion influencers: In Section 4.5, we will
analyse how efficiently such hybrid techniques can flag candidate fashion influencers.

4.4 Exploration Graph Analysis

The collected data forms a graph, where two accounts are connected if a worker
moved from one account to an other during the exploration phase, as shown in
Figure 4.5.

We performed some traditional centrality measures to understand the way workers
interacted with these accounts. It is important to notice that these measures are
just a partial snapshot of the whole connectivity graph, that in any case is dynamic
in nature. We focused on the following local and global centrality measures:

• Indegree: the number of followers.

• Outdegree: the number of followees.

2Not to be confused with the centrality measure of standard graph theory.
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Figure 4.5: Twitter fashion influencers graph obtained from workers navigation
with 717 fashion candidates and 650 links, mean degree 1.8, mean closenness

1.97e-06, mean betweenness 1.43.

• Alpha centrality (a variant of Katz centrality [3]): a generalization of
eigenvector centrality. It is a combination of the adjacency matrix and relative
importance of the endogenous versus exogenous factors.

• Betweenness [9] is the number of shortest paths that fall within a fashion
candidate influencer.

• Closenness [9]: counts how many steps are needed to reach every other fashion
candidate from a given fashion influencer.

• Hub [11]: is a global centrality measure that can be calculated using the
eigenvector of the adjacency matrix. A hub is a property of scale-free network
and referring to the node with the highest number of outdegree that exceeds
the average (high outdegree).

• An authority value is computed as the sum of the scaled hub values that point
to that account.

• PageRank [4]: relies on the fact that more important fashion candidates are
more likely to be linked to other fashion candidates. It mainly combines with
number and quality of links that receive a fashion candidate influencer.

4.4.1 Discussion

The results suggest the following observations:

• The indegree are positively correlated with fashion magazines/bloggers.
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• Outdegree, closeness and hub measures are positively correlated with
established fashion influencers.

• Authority, alpha-centrality, and PageRank find a mix of fashion candidate
influencers including established fashion influencers, fashion bloggers, retailers,
and actors/singers.

These results corroborate the intuition that a crawler should multiply its efforts
around fashion magazines/bloggers (because they can be connected to many fashion
influencers).

4.5 Human-in-the-loop Fashion Influencer Discovery

We now investigate how well a ML algorithm, and then a hybrid human-in-the-loop
algorithm, can flag candidate fashion influencers. To do this we train a Random
Forest Classifier (RFC) using information extracted using the Twitter API3: number
of followers, followees, number of posted tweets, profile description, location, creation
time of Twitter candidate fashion influencer, and account type which refers if the
account is verified or not.

Given a candidate account, we will evaluate how well the classifier can distinguish
fashion influencers from other accounts.

To test the effect of augmenting this algorithm with the crowd, we use the
information we collected during the exploration phase, as described in Section 4.1.
In Table 4.1 we describe the features, distinguishing which ones are obtained
programmatically, and which ones with AMT.

The dataset is split into training and test set, with training set size consisting of 726
observations and test set size of 312 observations, where categorical variables like
location, verified, worker ID, and time of posting the tweet are encoded using label
encoding. TF-IDF is used for test and training set separately on textual features:
the TF-IDF encoding permits to evaluate the importance of each term in the corpus
compared to the other terms. For each observation, a sum of terms importance is
carried out to determine the weight for each set of terms that characterise a fashion
candidate influencer account.

Alternatively, we also investigate a more advanced textual encoding approach, where
for textual information we use Flair fashion content detector (majority consolidation
model, trained on the FashionTweets dataset) built in Deliverable D3.4 instead of
using TF-IDF.

We repeat the evaluation with and without human-generated features, to understand
the impact a human-in-the-loop approach can have in the classification.

In Table 4.2 we present the performance of the different approaches. Adding AMT
feature increases the performance of the model. Moreover, using Flair dedicated

3http://docs.tweepy.org/en/latest/
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features features source

Worker ID AMT
Worker confidence about fashion candidate influencer AMT
workers expertise in fashion AMT
reasons of worker to follow fashion accounts AMT
worker belief of fashion candidate influencers membership AMT
Follower Count Tweepy
Friend Count Tweepy
Location Tweepy
Verified Tweepy
created at Tweepy
how workers in AMT follow others AMT
frequency of checking content by workers AMT
frequency of worker checking own account AMT
the way workers follow new account AMT
fashion candidate influencer main characteristics AMT
fashion candidate influencer profile description Tweepy
worker steps to reach new fashion candidate account AMT
tweets count Tweepy

Table 4.1: Features description used throughout both experiments.

fashion content classifier on the textual features instead of TF-IDF improved
significantly the classification performance.

Text Encoding RFC RFC+AMT

Accuracy 0.79 0.78
TF-IDF Precision 0.77 0.74

Recall 0.79 0.78
F1-score 0.74 0.73

Accuracy 0.96 0.99
Flair Precision 0.96 0.99

Recall 0.96 0.99
F1-score 0.95 0.99

Table 4.2: Performance (macro averages) of the different approaches, for the
Random Forest Classifier with and without human-in-the-loop features.
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5 Conclusions

The information gathered from our pilot analysis and our experts interviews make
clear that influencer detection can be a candidate problem to be solved in a human-
in-the-loop fashion: some features are easily detected automatically (number of
followers or metrics related to understand activity level like number posts over
time), while others require more manual annotations (like authenticity or quality
of content).

The results of the crowdsourcing task used to collect candidate fashion influencers
has been aggregated using Open Crowd, a crowdsourcing aggregation framework
designed to infer the real fashion influencers from a set of candidates given by
workers, and evaluated against state of the art aggregation methods. Open Crowd
achieved the best performance among all answers aggregation methods under
comparison.

We then designed a crowdsourcing experiment where workers actions are recorded
while they explore social media feeds to identify new fashion influencers and estimate
the number of undiscovered ones. The corresponding dynamical social graph has
been studied: we concluded that a traditional connectivity analysis of the social
graph is not appropriate in modern social media. We thus developed an hybrid
ML algorithm to allow automatic exploration and detection of fashion influencers:
using a human-in-the-loop approach together with a Flair model trained over fashion
tweets has achieved excellent performance.
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