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Executive Summary

The purpose of this deliverable is to present the updates towards capturing and analysing social media
posts using a sentiment analysis tool to determine the views of the general public towards autonomous
mobility, targeting a more complete understanding of current acceptance levels of autonomous mobility
and the main fears that reduces this acceptance.

This report presents the data capturing results from all three social media platforms, specifically Twitter,
Reddit posts and comments and YouTube comments, the results of their analysis using deep learning-
based sentiment analysis algorithms.

While the development of the system is presented in D2.2, here we detail the adjustments in the system
after the initial data analysis. These adjustments were made in order to increase the captured content
and fine tune the sentiment analysis algorithms. Thus, we describe a more robust data capturing
mechanism that also includes another input source, i.e. YouTube, as well as a sentiment classification
scheme with a higher degree of sentiment granularity replacing the binary classification of
positive/negative opinions with a multi class scheme that introduces degrees of positivity/negativity. All
these adaptations are described in the data capturing strategy and sentiment analysis tool sections,
Section 2 and 3 respectively.

For the results of the analysis, in Section 4 we present the analysis of the newly captured data, and we
also discuss knowledge extracted by them.
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1. Introduction

1.1. Purpose of the Document

This deliverable gives an update of the efforts towards mining and analysing social media posts for
determining the degree of user acceptance of autonomous mobility solutions, as well as elicitating the
main fears and reservations of the general public towards autonomous modes of transportation. This
update comes as a continuation of the effort described in D2.2, where a sentiment analysis framework
was used, based on the mining of relevant social media data.

This document presents the updates in the structure of the sentiment analysis framework and the data
capturing process, as well as the results of the sentiment analysis performed over the captured social
media posts. The capturing period was from the 1° of April 2020 to the 30" of September 2020. We aim
at:

e presenting the current acceptance levels of autonomous mobility,
e determining the main fears that reduce that level of acceptance.

1.2. Intended audience

This Deliverable is public, thus its contents and scope are relevant to project partners for other project
activities, to be used throughout the duration of this project, the Commission services, as well as anyone
interested in sentiment analysis and public opinion on autonomous mobility.

1.3. Interrelations

This deliverable affects mainly the workings of WP2 and WP1. Specifically, this report aims at capturing
an objective view of the general public’s sentiments and fears towards automated mobility, which affects
the endeavours of activity A2.4-Behavioral models. Moreover, the elicitation of primary fears towards
autonomous modes of transportation affects the project’s Risk Assessment of A1.3. Finally, the outcomes
of this activity are expected to be used in all technical activities of this project, in a way that will be decided
per case, by the relevant partner in charge.

After its formal release, updated versions of this document will be issued in the form of D2.6 and D2.7

1.4. Structure of the Report

The rest of this deliverable is organized in the following way. Section 2 describes the updates in the data
capturing strategy, and presents the information that was analysed. Section 3 presents the sentiment
analysis tool and its technical specifications/workflow. Section 4 consists of the analysis of the results.
Finally, Section 5 presents our conclusions.
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2. Data Capturing Strategy Update

2.1. Targeted Social Media Platforms

Following the efforts described in D2.2 we focus again on the social media channels that were described,
namely Twitter and Reddit. Adaptations in the scraping of posts have been made, and we have increased
the relevant posts captured by a significant margin. The Twitter mining for example allowed us to analyse
almost 30.000 tweets, in contrast with the 8.143 posts previously captured.

To increase the capturing of the data we also focused on capturing comments from another popular web
service, YouTube. The process of capturing comments in YouTube is presented below in Section 2.2.3.

2.2. Data Capturing per Social Media Platform

2.2.1. Twitter

During the second data capturing process we have fine-tuned the mining algorithm. We managed to
capture 29.412 individual posts. 1.648 of them not expressing any opinions (such as announcement of
various products or other news related posts without commenting).

The pre-processing of the tweets follows the same framework presented in D2.2. Specifically:

1. all hyperlinks and mentions to other users were deleted from the texts.

2. The emojis in all posts were replaced with their keywords. For example, the emoji was
replaced by its keyword, i.e. (angryface).

3. Finally, a number of tweets were excluded as after their pre-processing, their text length was too
small to be assessed. Tweets with the length of at least one full sentence were kept.

2.2.2. Reddit

The process described in D2.2 was followed here again. Unfortunately, there was a significant reduction
in traffic in the capturing period, with only 226 posts and comments being captured. In the following
instances of this deliverable, we will focus our efforts towards maximising the content here by identifying
other relevant subreddits.

2.2.3. YouTube

Focusing on increasing the data under analysis, we developed a scraper for YouTube comments. To do so,
we used the official YouTube API to query for specific videos and receive their comments. The lexicon
presented in D2.2 was used for querying the YouTube API. The technique for scraping was based on the
Lexicon based detection (Asghar et al, 2015) . This technique is similar to the one used in Twitter and
Reddit, as they are all lexicon-based approaches that use the lexicon of terms that was presented in D.2.2.
Each term in the lexicon returns a number of videos. We mined and analysed the comments of the 100
most popular videos for each term. We used comments only and not replies to comments. The reason for
this is purely a question of methodology, as the replies have more messy/dirty data due to the tendency
of replies turning into arguments and having plenty of strawmen statements.
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3. Updates in the Sentiment Analysis Tool

To increase the insight provided by the sentiment analysis tool, we updated the model to not only identify
positive and negative opinions but rather the severity of the sentiment behind the post. The new model
identifies 6 different classes:

1. Negative Opinions: This class includes the most negative opinions expressed.

2. Mostly Negative Opinions: This class includes the posts that express a somewhat negative opinion

3. Neutral Opinions: This class identifies neutral opinions, i.e. posts that do not display a specifically
positive or negative sentiment behind them.

4. Mostly Positive Opinions: Similarly to the 2" class, here we include posts that express a somewhat
positive opinion

5. Positive Opinions: Similarly to the 1° class, here we include posts that express the most positive
opinions.

6. Not Relevant: This class includes posts that do not express opinions, e.g. announcements

To identify the emotion, we developed a classifier that returns the confidence that a specific post is part
of one of the six classes. The overall label is provided by calculating the Pearson Correlation Coefficient
(PCC) over an attention model. PCC is a statistic that measures the linear correlation between two random
variables. Pearson's correlation coefficient is the covariance of the two variables divided by the product
of their standard deviations. The form of the definition involves a "product moment", that is, the mean
(the first moment about the origin) of the product of the mean-adjusted random variables; hence the
modifier product-moment in the name. A key mathematical property of the Pearson correlation
coefficient is that it is invariant under separate changes in location and scale in the two variables. That is,
we may transform X to a + bX and transform Y to ¢ + dY, where g, b, ¢, and d are constants with b, d > 0,
without changing the correlation coefficient. (This holds for both the population and sample Pearson
correlation coefficients). The attention model is created by the use of an embeddings vector extracted
from the raw data, that is then processed by two layers of a bidirectional LSTM network. A more detailed
description of the model is presented in Section 3.1.

It is worth noting here that the new classification scheme has a higher degree of scrutiny than the one
used originally, and presented in D2.2. The selection of a multi-class framework that also indicates
“neutral” opinions was due to the fact that the initial scheme provided a number of posts that were
classified with a confidence of around 50%. This indicated the fact that a lot of those posts did not express
opinions with strong sentiment values. Thus, we opted to fine tune the initial model, and provide an
analysis with a higher degree of granularity.

3.1. Technical Architecture — Technical Workflow Update

The new model includes an Embeddings layer, a Gaussian noise layer and a Dropout layer which are fed
in two Bidirectional Long Short Term Memory (LSTM) layers. The LSTM layers are followed by a
concatenation step, an Attention model layer and a dropout layer that is finally led to the last fully
connected layer. The whole system can be broken down into 3 distinct components. The Embeddings
Layer converts the symbolic representation of words to vector representation of semantic and syntactic
meanings, reflecting the various interrelations between words. To enhance the robustness of the
embeddings space, we introduce Gaussian noise after the extraction of the embeddings vector.

After this embeddings vector is extracted it is forwarded to the Long Short Term Memory (LSTM) network.
This component is comprised by two bidirectional LSTM layers. Each layer is essentially a Recurrent Neural
Network (RNN) where the each embedding is treated as a separate occurrence at time ‘t’, and uses the
activation value of ‘t-1’ also, as an input in addition to the input at time ‘t’. LSTMs are extensions of such
models having as their basic component instead of a simple node, as is the case for RNN, a memory cell
with an update and forget gate. The bidirectional component is used for taking into account not only
previous but also future occurrences, meaning that we also use the activation value of ‘t+1’.
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Following the LSTM component, an attention layer is used. This mechanism is one of the recent
advancements in Deep Learning and especially Natural Language Processing tasks. Essentially it aims at
solving limitations of the Encoder-Decoder model, where each word is encoded as a semantic feature
vector and then analysed by learning models. This can create limitations when decoding long sequences
of text, because it makes difficult for the neural network to cope with long sentences, especially those
that are longer than sentences in the training set. The attention model is trying to predict the next word,
by searching for a set of positions in a source sentence where the most relevant information is
concentrated. The model then predicts the next word based on context vectors associated with these
source positions and all the previous generated target words. The idea is that each time the model tries
to predict an output word, it only uses parts of an input where the most relevant information is
concentrated. The output of the attention model, i.e. the attention vector is then fed into a dense neural
network for classification. A view of the learning architecture can be viewed in the Figure 1.

o .
e

Embeddings Gaussian Noise Bidirectional LSTM

Embedding Vector

Attention Vector A I

R 9

Dropout

Attention
Concatenation ‘

Figure 1: Neural Network model Architecture
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4. Analysis of Results

4.1. Overall Scores

In this section we present the results of the classification task. Each individual tweet, reddit post, or reddit
comment and YouTube comment was fed to the sentiment analysis tool, which returned a classification
label. As we can see in the following figures, the new classification scheme, where multiple sentiment
classes are used, can give a clearer picture. We can see that the majority of posts in the internet relevant
to autonomous transportation are neutral in their opinion. While this is the case, the positive opinions
clearly outnumber the negative ones.
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15000

Number of Posts
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Figure 2: Breakdown per sentiment intensity for all the captured posts.
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Figure 3: Type of sentiment per social media post
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Figure 4: Composition of posts per sentiment

Beyond the classification outcome we also used the polarity score. This is used as a validation step to see
if the density per polarity mirrors the results of the classification outcome.
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Figure 5: Average polarity on the captured posts (Negative polarity indicates a negative opinion)
4.1.1. Twitter

As we can see, a lot of posts do not display an opinion with high sentiment intensity, as 58% is classified
as neutral. However, the positive opinions outnumber the negative ones by a 2.6:1 ratio, as 26% of the
results were classified as Positive or Mostly Positive Opinions, while the Negative and Mostly Negative

classes included 10% of the captured tweets.
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Figure 6: Posts expressing a Positive/Negative Opinion
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Not Relevant _ Negative
Positive 6% 1%
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Negative
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20%
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58%

Figure 7: Frequency of Posts in each opinion category

4.1.2. Reddit

The results of the Reddit opinions mirror the conclusions of the initial analysis of D2.2, as Reddit users
seem more positively inclined towards autonomous mobility solutions. Specifically, 35% of opinions were
positive, while only 9% were negative. Moreover, in Reddit we find a smaller ratio of Neutral or Not
Relevant comments. This can be due to the fact that Reddit has a more strict content moderation strategy
than Twitter and YouTube.

The more positive demeanour expressed in the analysis of Reddit posts can be explained by the way that
Reddit organises its content in a thematic way (in contrast to the user-centric way that twitter organises
each results). This means, that people who are participating in the analysed sub-reddits, chose to do so,
and have a higher interest in autonomous mobility than normal. However, still we identify negative
opinions from those users 28.28% of the time.

140

120

Number of Posts
=
g 8 8
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) .
[l =
Negative Mostly Negative Neutral Mostly Positive Positive Not Relevant
Reddit 2 19 117 52 28 8
Type of Sentiment

Figure 8: Reddit Breakdown of opinions
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Figure 9: Frequency of exported sentiment levels of Reddit Posts/Comments

4.1.3. YouTube

Following the same methodology once again we present the outcomes of the analysis in YouTube
comments. The results for YouTube comments are similar to the Twitter analysis, with a 26% and 10% for
positive and negative opinions respectively.
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Figure 10: Youtube Breakdown of opinions
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Figure 11: Frequency of exported sentiment levels of YouTube Comments

4.2. Discussion of Results

Going further than the simple statistical analysis of the results, we implemented a name entity recognition
(NER) algorithm over the captured data. This process aims at locating the named entities mentioned in
the unstructured text of social media posts. This analysis aimed at identifying specific events and entities
that were popular occurrences in each sentiment class. For simplifying this task, we divided the captured
posts in two subcategories, the negative opinions (that included the Negative and Mostly Negative class
labels) and positive opinions (that included the Positive and Mostly Positive class labels). The Neutral class
is disregarded here. Below we can see a wordcloud that was extracted from all the posts, after the NER
process.

App 1 efselteivi Supcor (hPr oject Titan Patent Aut
‘Factory Zero' Apollo Go Robotaxi Pittsburgh
RGGI Resgreen GIOUD Ottawa .

#Eﬁtonomﬁﬂs

BN Sl Svies” Griies #autonomousvehlcles #vehicles
1DAR Purdue Autonomous
TWED AR Lab Auct.aqem?gé}{%mmgls&“ pasiy e #AUOpilot
San... #blockchain
Michigan
N1 n-t € 3( . - b
DMV Robotaxis
#SelfDrivingCars
S Tesla
Nvidia
: Autonomous Vehicles .
Ethics of AI and Autonomous Vehicles Machinelearning 5 ADAS
#DeepLearning Gener dl Motors #Star (“P

Figure 12: Word Cloud of NERs towards autonomous cars

Moreover, repeating the process of D2.2 we aimed at extracting main fears of the Negative subcategory.
Again, the main issues identified were concerns about safety (33.27%), as well as the impacts in
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employment (41.27%). Especially for employment we identified an increase of almost 10% in such posts.
We assume that this is due to the fact that the period of monitoring is almost identical with the Covid19

pandemic (March-September 2020).
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Figure 13: NER in the captured social media posts

October 2020

16




D2.5: 1% revision of D2.2 Sentiment analysis on social media —r—

5. Conclusions

This report presents an update in the sentiment analysis and social media capturing of A2.5, as well as the
data gathering that took place during the second stage of this activity. We present updates in the data
capturing process, the analysis of one additional web data source, i.e. YouTube comments, as well as a
sentiment model with a higher degree of granularity.

This updated the data capturing procedure, and sentiment analysis scheme, were once again used in
order to determine the level of acceptance for autonomous modes of mobility. Moreover, after the
classification, we used the data that expressed “negative” opinions towards social mobility to identify key
fears and reservations that drive those negative responses.

By analysing the new data, we can see some main fears persisting, namely the ones relevant to
technophobia, while some others have found increased interest, specifically the fears relevant to the
impact of autonomous vehicles in the job market. The new classification scheme allows us to analyse the
data in a more detailed way, disregarding opinions that do not showcase a clear sentiment background,
i.e. neutral class. Thus, we can see the breakdown of opinions in a more robust way. From the analysis we
can deduce that the acceptance levels are quite high, as the positive opinions outnumber the negative
ones by almost 2.5 to 1. However, there is still a large number of negative opinions there from
approximately 29% of the users.

It is worth noting here that the period under analysis fully overlaps with the lockdown periods of the
COVID 19 crisis, thus specific sentiment analysis outcomes will need to be validated in future instances in
order to determine whether the pandemic skewed the results.

All the data capturing and analysis efforts followed a privacy preserving framework that adheres to all
current regulations and ethical guidelines.
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