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Abstract

Evaluative research of technological officiating aids in sports predominantly focuses on the
respective technology and the impact on decision accuracy, whereas the impact on stake-
holders is neglected. Therefore, the aim of this study was to investigate the immediate
impact of the recently introduced Video Assistant Referee, often referred to as VAR, on the
sentiment of fans of the English Premier League. We analyzed the content of 643,251
tweets from 129 games, including 94 VAR incidents, using a new variation of a gradient
boosting approach to train two tree-based classifiers for text corpora: one classifier to iden-
tify tweets related to the VAR and another one to rate a tweet’s sentiment. The results of 10-
fold cross-validations showed that our approach, for which we only took a small share of all
features to grow each tree, performed better than common approaches (naive Bayes, sup-
port vector machines, random forest and traditional gradient tree boosting) used by other
studies for both classification problems. Regarding the impact of the VAR on fans, we found
that the average sentiment of tweets related to this technological officiating aid was signifi-
cantly lower compared to other tweets (-0.64 vs. 0.08; t = 45.5, p <.001). Further, by track-
ing the mean sentiment of all tweets chronologically for each game, we could display that
there is a significant drop of sentiment for tweets posted in the periods after an incident com-
pared to the periods before. A plunge that persisted for 20 minutes on average. Summed
up, our results provide evidence that the VAR effects predominantly expressions of negative
sentiment on Twitter. This is in line with the results found in previous, questionnaire-based,
studies for other technological officiating aids and also consistent with the psychological
principle of loss aversion.

Introduction

79% of the spectators that use a second screen during a live sporting event commit some kind
of interaction via social media, for example by posting a comment on Twitter [1]. This wide-
spread use of social media creates very specific, and often very big, data sets that enable
researchers to study fan experience, fan behavior, and emotional reactions in new ways. It is
possible to track sentiment throughout competitions, or even around them, and therefore, to

PLOS ONE | https://doi.org/10.1371/journal.pone.0242728 December 9, 2020

1/15


https://orcid.org/0000-0002-8062-3923
https://orcid.org/0000-0003-2401-985X
https://doi.org/10.1371/journal.pone.0242728
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0242728&domain=pdf&date_stamp=2020-12-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0242728&domain=pdf&date_stamp=2020-12-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0242728&domain=pdf&date_stamp=2020-12-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0242728&domain=pdf&date_stamp=2020-12-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0242728&domain=pdf&date_stamp=2020-12-09
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0242728&domain=pdf&date_stamp=2020-12-09
https://doi.org/10.1371/journal.pone.0242728
https://doi.org/10.1371/journal.pone.0242728
http://creativecommons.org/licenses/by/4.0/

PLOS ONE

Video kills the sentiment—Exploring fans’ reception of the VAR in the EPL using Twitter data

investigate the influence of certain events [2-4]. A type of event that is new in football and
which might have an impact on fans is the use of the Video Assistant Referee (often referred to
as VAR) in elite-level football. The VAR was officially introduced by the International Football
Association Board (IFAB) in 2018, after several years of pilot studies, off-field tests, and live
experiments (e.g. the 2017/2018 season of the German Bundesliga and the Italian Serie A). The
IFAB intends to use the VAR to correct “clear and obvious errors” or “serious missed inci-
dents” ([5]: 3) related to (potential) goals, penalties, direct red cards, or mistaken identities.

The only two quantitative studies investigating the VAR focused on its potential impact on
various on-field events in different leagues, namely the German Bundesliga, the Italian Serie A,
and the Chinese Super League [6, 7]. In both studies, the authors found that the number of off-
side calls, fouls and yellow cards decreased significantly and that, not related to specific events,
the overall duration of games increased slightly. Readers not familiar with this topic might
wonder, why there are no studies about usage patterns and the decrease of wrong decisions.
Indeed, a majority of the associations using the VAR, provided such studies during the experi-
mental stages and in the aftermath of competitions, e.g. after the FIFA World Cup 2018.
Unfortunately, those associations did not provide sufficient information about the study
design, which makes it impossible to rate the reliability and validity of the respective results
(see [5] as an example). This is unfortunate, as the amount of such reports might have deterred
researchers to conduct scientific studies regarding such questions.

In addition, neither such reports nor scientific studies have investigated the influence of the
VAR on fans and spectators so far. This is a well-known problem for the evaluation of techno-
logical officiating aids (or short: TOA), as Kolbinger and Lames [8] showed in a systematic
review. The authors pointed out that the introduction of TOA needs to be treated as interven-
tions in a social setting and therefore, the investigation of stakeholders’ opinions has to play a
crucial role in the evaluation process. However, so far, research in this area almost exclusively
focused on the influence of such aids on on-field events [9-11], with few exceptions. Winand
and Fergusson could show in their study about the goal line technology in football that even if
a TOA works smoothly, fans and spectators still express some aversion [12]. In another study
about rugby, Stoney and Fletcher [13] showed that fans are generally in favor of the so-called
Television Match Official, but perceived a lack of transparency. Both studies used a small tri-
ple-digit number of online questionnaires (n = 270 and n = 194 respectively), in which they
asked for the general perception of the technological officiating aid, but did not examine the
impact of specific events. However, no study has been conducted so far that explores a large
number of immediate emotional reactions related to specific incidents involving TOA during
live sporting events.

This shortcoming can now be addressed by the use of immediate responses expressed by
fans via social media as an indicator of their sentiment. An approach that has already been
used successfully to investigate the influence of other events in sports. Lucas et al. [14] showed
that tweets during games that were more imbalanced then expected were more negative than
tweets in other games. In another study, looking at specific groups of fans, Yu and Wang [15]
found that supporters of the US male national team expressed more negative emotions after
their team conceded a goal at the 2014 World Cup. Similarly, Fan et al. [16] showed how
English football fans showed higher identification with their national team if they were ahead
in the score and were more likely to disassociate themselves from the team if it was losing. As
it has been done in those studies as well, here we trained a classifier to categorize each tweet’s
sentiment automatically but did it in a new way. In more detail, we decided to use a gradient
boosting approach to train a tree-based model in a new way. Usually, such approaches use all
(or almost all) variables for each tree, whereas we decided to use only a small fraction (10%) of
the variables, to better fit the needs for text classification. The reasoning as well as the approach
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will be described in more detail in our methodology section, in which we also showed how this
classifier performed compared to common approaches.

In addition, we developed a model to rate if a tweet was related to the VAR, which is an
issue of topic identification. Note that different to, for example goals, not all incidents of inter-
est for us occur on official or reliable sources nor can they be collected otherwise (e.g. by using
live video footage). Over 70% of the reviews by the VAR are so-called silent reviews, in which
not even the on-field official gets informed about the on-going reviews and far below 10% of
the reviews lead to a revision of the on-field decision (see [17] for a detailed summary for such
numbers in the German Bundesliga). However, incidents in which the VAR did not intervene
can cause emotional reactions as well, especially if spectators do not agree with the VAR’s non-
intervention. Adopting a topic detection algorithm helped us to detect such incidents as well.
Using Twitter data to detect real world events has not been applied in peer-reviewed literature
of sports science so far, but has successfully been adopted in other fields, e.g. to detect earth-
quakes [18] or to explore abnormal stock price returns [19].

To sum up, this paper provides two kinds of contributions. First, we apply a new machine
learning approach for automated text classifications in a way that has not been adopted for
such kind of problem before. The complete approach, including data preprocessing, and its
evaluation are described in detail in the first part of the methodological section. In the second
part of this section we display how we synthesize the information retrieved from sentiment
analysis and topic detection to evaluate the immediate impact of the Video Assistant Referee
on the sentiment of football fans. Therefore, we do not just explore the difference in sentiment
for tweets related to this topic compared to other tweets, but also how specific VAR incidents
influenced the overall sentiment during football games. As this second contribution is the
main purpose of this study, the results and the discussion of this paper will focus on the find-
ings regarding the VAR’s impact. In our concluding section we will try to point out how these
findings can serve sports associations and how our methodological approach can contribute to
the knowledge base regarding automated text classification.

Methodology

Sample

Data & materials. Using the official Twitter API, we collected all the tweets during 129
matches of the 2019/2020 Premier League (EPL) season, which were tagged with the official
game hashtag (the included games are listed in S1 Table). This official hashtag and chronologi-
cal information, like kick off time, were retrieved from the official website of the league (www.
premierleague.com). Data collection for each game was started at the minute the game offi-
cially started and stopped after 120 minutes for each game, to ensure that tweets during the
whole match were extracted. Our final sample consists of 643,251 tweets, a mean of 4,986.4
tweets per game, with the number of tweets per game ranging from 40,127 to 284 (variation
coefficient of 1.24). The number of tweets for each game can be found in the list of games (S1
Table).

Training data. As training data, a subsample of 4,583 tweets was drawn from the overall
sample, including tweets from 24 games. To make sure that this data set covered the most com-
mon VAR incidents, the games were not drawn randomly but selected based on the occur-
rence of certain VAR incidents. Again, the VAR can be used to check goals, penalties, red
cards, and if the right player got booked (so-called mistaken identity). The latter situation is
very rare and did not appear in our sample. For the other three incidents, we selected games
including different variations of those, as for example for a goal, the VAR can be used to con-
firm or overturn the initial decision due to a possible handball, foul, or offside call. The list of
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games, including information about the VAR incident can be found in the supporting infor-
mation (S2 Table).

For each of the 24 games, we randomly drew a subsample of a maximum of 100 tweets dur-
ing the VAR incident (using a three-minute window starting at the minute the VAR inter-
vened) and a random sample of the same size during the rest of the game. For each of these
tweets, one of the two authors rated whether the tweet was related to the Video Assistant Ref-
eree (1 if true, 0 if not) and classified the overall sentiment of the tweet as either positive (1),
neutral (0) or negative (-1). This led to the following composition of our training data: 31.1%
of the 4,583 tweets were labelled as related to the Video Assistant Referee. Regarding senti-
ment, 25.5% were rated as an expression of positive sentiment, whereas 41.1% were rated as
negative.

The tweets for one game were rated by both observers to check the inter-annotator agree-
ment. Cohen’s Kappa for the topic detection was 0.99, Krippendorff’s Alpha for the rating of
the sentiment reached 0.88. Krippendorff’s Alpha is used for the sentiment classification
throughout this paper, instead of Cohen’s Kappa, as it takes the ordering of categories into
account and therefore, is more appropriate for this kind of classification problem [20].

Data preprocessing

Before the Twitter data was used, several steps of preprocessing were performed. Besides stan-
dard text mining procedures (removing punctuation, converting to lower text, removing num-
bers, stemming), a customized list of words was excluded if they occurred in a tweet, including
team and player names as well as respective variations of those and team specific hashtags (e.g.
#lfc or #mufc). See S3 Table for this list of customized stop words. We did not exclude so-
called general stop words, because these words can associate with expressions of sentiment
(e.g: “not”, “should”). In addition, an emoji dictionary was created to transform emojis into
text that can be processed by text classification algorithms. The emoji dictionary as well as the
function used to transform the emojis is stored here: https://github.com/Postd OK/
preprocessing_emojis.

As we wanted to build our feature set based on unigrams for all the classification models,
we then converted our data set into a conventional document-term-matrix. No further filter-
ing or weighting schemes were applied.

Text classification and analysis

Models. Several supervised machine learning algorithms are suitable to train topic detec-
tion or sentiment classification models for short text corpora. For both problems, we decided
to use a gradient boosting approach to train a tree-based model, as such approaches showed
promising results in studies working on similar problems [16]. Boosting approaches usually
use a bootstrap sample for each tree, including the information of almost all (or even all) the
variables. However, as automated text classification models get trained based on a myriad of
variables we assume that it might be beneficial to combine the information of a lot of decision
trees that only include a small fraction of the variables (10%) to avoid overfitting. To our best
knowledge, such an approach has not been published before. To verify our methodological
decision, we also ran “traditional” boosting models using the information of all variables for
each tree. Further, we adopted three further classification models: a naive Bayes classifier, a
support vector machine, and the bagging-based counterpart to our approach, a random forest.
All models used exclusively unigrams as feature set.

To evaluate the performance of the different classification models, we ran standard 10-fold
cross-validations for all models. In more detail, we split the training data of 4,583 tweets into
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Table 1. Performance of the five adopted classifiers for topic detection and sentiment classification.

Classifier

New gradient boosting-decision trees

Naive Bayes

Support Vector Machine

Random Forest

“Traditional” gradient boosting-decision trees

Metric

Overall Accuracy
Krippendorff's Alpha
F-Score*

Precision

Recall

Overall Accuracy
Krippendorff’s Alpha
F-Score*

Precision

Recall

Overall Accuracy
Krippendorff's Alpha
F-Score*

Precision

Recall

Overall Accuracy
Krippendorff’s Alpha
F-Score*

Precision

Recall

Overall Accuracy
Krippendorffs Alpha
F-Score*

Precision

Recall

* We calculated the macro-averaged F-Score for sentiment classification.

https://doi.org/10.1371/journal.pone.0242728.t001

VAR—detection

0.94

0.96
0.97
0.94
0.79

0.82
0.71
0.98
0.92

0.94
0.94
0.94
0.94

0.95
0.96
0.95
0.94

0.95
0.97
0.95

Negative

0.79
0.74

0.86
0.69

0.76
0.74

0.81
0.66

0.73
0.75

Sentiment
Neutral
0.71
0.53
0.68
0.72
0.72
0.69
0.50
0.67
0.53
0.88
0.69
0.51
0.66
0.70
0.70
0.66
0.43
0.60
0.68
0.68
0.69
0.50
0.65
0.70
0.69

Positive

0.57
0.62

0.61
0.55

0.56
0.59

0.39
0.60

0.52
0.60

ten almost equally-sized folds (three folds of 459 tweets and seven folds of 458 tweets). For
each model, we then estimated the performance ten times, using each fold once as test set and
the remaining nine folds as training set. The performance measures of these 10-fold cross-vali-
dations for both classification problems are displayed in Table 1. Our approach performed
slightly better than the traditional boosting approach and the other models for both, sentiment
classification and topic detection (VAR). For the latter, all the three approaches based on deci-
sion trees reached an accuracy value of 94% and also did not differ much concerning the
F-Score (random forest: 0.954, traditional gradient boosting: 0.954, new gradient boosting:
0.956). The support vector machine performed slightly worse (accuracy: 91.5%; F-Score:
0.938), whereas the naive Bayes classifier could not reach such a high level due to a very high
number of false positives, as it is displayed by the precision value of just 71.0% (accuracy:
79.1%; F-Score: 0.824).
For sentiment classification, our approach reached the highest values for accuracy (70.8%),
the metric most often referred to as performance measure, as well as for the macro-averaged
F-Score (0.678) and Krippendorff’s Alpha (0.530), which we considered as more important
measures for sentiment classification, as these values take the ordering of the categories into
account [21, 22]. All models performed better for negative sentiment than for positive
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Fig 1. Share of VAR tweets and mean sentiment for each minute of Liverpool FC vs. Manchester United FC. The
grey shadowed boxes display the procedure described in statistical analysis.

https://doi.org/10.1371/journal.pone.0242728.9g001

sentiment. It needs to also be noted that all models performed on a similar level, except the
random forest classifier.

Consequently, we decided to classify all tweets of our sample based on the classifier devel-
oped by our new gradient boosting approach. Compared to other studies dealing with the
same problem-automated classification of sentiment for three classes of tweets in English-we
reached equivalent performance values. Using a much bigger training data set of 103,262
tweets, Ranco et al. [19] accomplished an accuracy value of 76.1%, but only a macro-averaged
F-Score of only 50.8% (Krippendorft’s Alpha was not displayed). Mozetic et al. [20] reported
an accuracy of 63.9%, a Krippendorff’s Alpha of 51.6%, and a macro-averaged F-Score of 0.530
(n = 103,034 tweets).

Identification of VAR incidents. To be identified as a VAR incident an increase of tweets
related to the VAR had to meet several conditions. As it can be seen in Fig 1, erroneously
labelled tweets related to the VAR or random tweets not related to a specific incident, can lead
to a certain level of noise in our data. To deal with this background noise, we defined two con-
ditions that had to be met by a VAR incident. First, the increase in the number of tweets
related to the VAR had to be greater than the sum of such tweets in the previous five minutes.
Second, as due to the nature of text classifiers such an increase could be affected solely by an
increase in the number of tweets, over 25% of the tweets had to be related to the VAR. Using
such a high threshold should also serve the purpose of identifying incidents in which the VAR
was mentioned by a considerable share of people tweeting about this game.

Using this approach, we identified 95 incidents, which were double-checked manually by one
author. Only one of these incidents was not related to the VAR, but rather to the overall perfor-
mance of the referee, wherefore this incident was excluded from further analysis. Of the remain-
ing 94 incidents, 65 were listed in the live match commentary of the official homepage of the
English Premier League. 28 incidents were related to cases in which people complained about the

absence of an intervention of the VAR. As mentioned above, for those there is no official infor-
mation whether or not the video assistant checked the respective incident. In addition, not even
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all interventions were reported by the official live match commentary on www.premierleague.
com, for example, an overturned goal due to a handball in a match between Tottenham Hotspur
FC and AFC Bournemouth. S4 Table is a list of the detected incidents.

Statistical analysis. To investigate the influence of the VAR on the sentiment of football
fans expressing themselves via Twitter, we ran several statistical analyses. Without further pre-
processing, we first investigated the relationship between the share of different sentiments and
the number of tweets for the whole sample as well as for the subset of tweets related to the
VAR. Second, a paired t-test was run to compare the sentiment of VAR tweets to the other
tweets, based on the mean sentiment value of each game for both categories. Third, we split
each game into 24 five-minute intervals and calculated the mean sentiment for each interval
with more than 25 tweets (reasoning: this way, no additional tweet can change the mean senti-
ment by more than 5%). We then looked if the share of tweets related to the VAR was over- or
underrepresented for each vigintile using the Kolmogorov-Smirnov test and a similar distribu-
tion over all vigintiles as the null hypothesis.

In addition, we used VAR incidents identified by our method described above and extracted
the mean sentiment over five-minute windows (MeanSent) before and after each incident. In
more detail, if the incident was identified for minute t, MeanSentpfore_nterva_; Started at t-6 and
stopped at t-2, MeanSentgefore_nterval_2 Started at t-11 and stopped at t-7, and so on. Minute t-1
was excluded to avoid interferences with the VAR incident. The MeanSentager interva_1 Window
included the sentiment values from the minutes t to t+4, the MeanSentager_intervar > window the
values from t+5 to t+9, and so on. This procedure is also displayed in Fig 1. If another VAR inci-
dent happened during the same game, only the mean sentiment for intervals until this point were
calculated (and vice versa if an incident occurred before in the same game). In addition, the mean
sentiment was only calculated if the number of tweets was at least 25 for any considered period.

This approach enabled us to perform several further analyses. First, the last interval before
an incident (MeanSentgefore_intervai_1) Was compared to all the preceding intervals to investigate
if there is a stable sentiment pattern despite the intra- and inter-game variation. Second, the
comparison of intervals right before and after the incident provides insights into the immedi-
ate impact of a VAR incident on fans’ sentiment. Third, tracking the sentiment for the remain-
der of the game after such incidents, allowed us to investigate if and when the sentiment
reached the pre-incident level again.

All those comparisons were performed via paired t-tests. Games did not provide mean senti-
ment values for the same number and kind of windows, as the VAR incidents happened at differ-
ent minutes in the game. Thus, we decided to only use those windows that included at least one
third of the games, which applied for nine windows before and nine windows after the incident.

Programming

All the steps described above were performed via R utilizing the following packages: tweets
were collected using rtweet and prepared for the different automated classification approaches
using tm, dplyr, quanteda, and tidytext. The quanteda.textmodels package was used to train the
naive Bayes classifier, caret for the support vector machine, randomForest for the Random For-
est, and xgboost for the different variations of the gradient boosting approaches. For our analy-
sis, we relied on different functions from stats, irr, and cocor.

Results
Sentiment patterns

As it is displayed in Fig 2, far more tweets were labelled as positive (36.9%) or negative (35.4%)
than neutral (27.7%). The average sentiment of all tweets of our sample was 0.02. Looking on a
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-0.64
VAR tweets _

Other tweets

R _

Fig 2. Sentiment distribution of all tweets (Total tweets), tweets related to the VAR (VAR tweets), and tweets not
related to the VAR (Other tweets). Negative tweets are denoted by red, neutral by orange, and positive by green color.
The black line denotes the average sentiment score.

https://doi.org/10.1371/journal.pone.0242728.9002

game to game basis, the total number of tweets showed a medium to strong positive linear cor-
relation with the share of positive tweets (r = .324, t = 3.86, p < .001), as well as with the share
of negative tweets (r = .406, t = 5.01, p < .001), with no significant differences between the two
correlation coefficients (z = 0.71, p = .475). In contrast, the share of neutral tweets has a strong
negative linear correlation with the total number of tweets (r = -.529, t = -7.03, p < .001), dif-
fering significantly from the other categories (vs. positive: z = 5.98, p < .001; vs negative:
2=6.12,p < .001).

A total of 58,264 tweets and therefore, 9.1% of the overall tweets were related to the Video
Assistant Referee. Those tweets showed a different sentiment distribution, with the vast major-
ity of tweets labelled as negative (76.2%) and an almost equal share labelled as positive or neu-
tral (12.3% and 11.4%). Consequently, there was a medium to strong positive linear
correlation between the number of tweets related to the VAR and the negative share of overall
tweets in a game (r = .480, t = 6.17, p < .001). There was no correlation for neither the positive
share (r =-.030, t = -0.34, p = 0.738) nor the neutral share (r = -.376, t = -4.57, p < .001), with
both correlation coefficients differing significantly from the one of the negative share (vs. posi-
tive: z = 4.32, p < .001; vs. neutral: z = 5.49, p < .001). The average sentiment of tweets related
to the VAR was -0.64, which was significantly lower than the average of 0.08 for the other
tweets (t = 45.5, p < .001).

To further illustrate the influence of the VAR on the sentiment of fans, we calculated the
mean sentiment for each five-minute period of each game as described above. We then calcu-
lated the quantile-rank of the mean sentiment for each such period and checked if the total
number of VAR tweets was distributed evenly over all twenty vigintiles. As it can be seen in
Fig 3, the number of tweets related to the VAR exceeded the expected number of such tweets
for the three vigintiles with the lowest average sentiment values. For the remaining vigintiles,
the expected number of VAR tweets was not reached anymore and for six out of the seven
most positive vigintiles not even one third was matched. A Kolmogorov-Smirnov test
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confirmed that this distribution is significantly different from an even one (d = 0.85, p < .001).
It also differed significantly from the respective distribution of the number of tweets not
related to the VAR, which was rather U-shaped, as it can be seen in Fig 3 as well (d = 0.95, p <
.001).

Sentiment response to VAR incidents

To investigate the exact influence of specific VAR incidents we compared the mean sentiment
of different time intervals before and after 94 incidents. The results are displayed in Fig 4. To
investigate the sentiment variation before VAR incidents, we compared the mean sentiment of
the interval MeanSentpefore_interval_1 tO all other intervals in advance of the incidents. As can be
seen in Fig 4, this interval did not differ significantly from any previous interval.

As soon as a VAR incident was identified, the mean sentiment dropped significantly: for
the immediate reaction, comparing MeanSentpefore_intervar_1 a0d MeanSentafie, nterval_1> We
found a significant mean difference of 0.26 (t = 10.7, p < .001). The mean sentiment did not
recover and still showed a significant decrease for the next three intervals MeanSent per puer-
val_2 (mean of the differences: 0.13, t = 4.71, p < .001), MeanSent per rnterval_3 (mean of the dif-
ferences: 0.09, t = 3.11, p = .003) and MeanSent afier_purervar_+ (mean of the differences: 0.06,
t=2.12, p = .037).

Discussion

The widespread use of social media opens new opportunities for researchers to study immedi-
ate responses and sentiment during-or related to—events. An opportunity that has already
been embraced by researchers from several different research areas [23]. For this work, we
used tweets posted during 129 matches of the English Premier League to investigate the impact
of the recently introduced Video Assistant Referee on spectators’ sentiment. Before we discuss
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the results regarding this TOA, it is useful to point at some interesting findings regarding the
overall sentiment patterns first.

Lucas et al. [14] found that more tweets being posted related to one game usually came
along with a higher share of negative sentiment expressions, but not with a higher share of pos-
itive sentiment expressions. For our tweets, especially excluding tweets related to the VAR, we
also found a medium to strong positive correlation for this share of positive labelled tweets.
Based on the insufficient evaluation of their method, it is not possible to analyze if the respec-
tive automated classifier applied by Lucas et al. can explain this difference. One explanation
could be that those authors only used English tweets to track the sentiment, but did so for
almost all games at the 2014 FIFA World Cup, with most of the games not including teams
from anglophone countries. However, Yu and Wang [15] found that if fans tweeted about
games for which they (supposedly) had no rooting interest, they expressed positive emotions
more frequently than negative ones. In accordance with these findings, the patterns for the
small number of games investigated by Fan et al. [16] showed a similar relationship between
the number of tweets and the share of positive sentiment. This also applies to findings from
questionnaire-based surveys that show that people post on social media to express their emo-
tions in general, but not to express particularly negative or positive emotions [24].

Interestingly, we only found the same pattern as Lucas et al. [14] for a subset of our tweets:
tweets related to the video assistant referee. An increase in the number of such tweets went
along with an increase in the share of negative tweets, but not with the share of positive or neu-
tral ones. Further analysis confirmed that tweets related to the VAR are significantly more neg-
ative (mean sentiment: -0.64) than other tweets (mean sentiment: 0.08). This is not just an
impressive difference, considering that the mean sentiment can only range between values
from -1 to 1, but also looking at the results from other studies. Fan et al. [16] only reported a
sentiment difference of 0.26 for fans of the English national team if they were trailing
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compared to winning for games at the World Cup, the most important tournament in football
(seei.a. [25]).

Besides the overall sentiment characteristics of tweets related to the VAR, we also looked at
the immediate impact of VAR incidents. Comparing our results to those of previous findings,
one has to keep in mind that our samples for each game included responses of fans from both
teams as well as neutral spectators. Each change (or no-change) of an on-field decision does
not just result in a disadvantage for one team, but also benefits the other team, and all the
respective reactions are displayed in our results (e.g. the above-mentioned difference reported
by Fan et al. [16] only expressed the sentiment swing for fans of one side). Still, we found that
the mean sentiment for all tweets before and after an incident dropped by 0.26 and remained
on a significantly lower level for the next 20 minutes.

Reasons to explain those predominately negative reactions towards the VAR can be found
in practice as well as in theory. First, even Michael Riley, the Premier’s League head of officiat-
ing, admitted that the VAR was not consistently applied the way it should be. He even admit-
ted that several correct on-field decisions were overruled [26]. Stakeholders that are
responsible for interventions in a social setting are interested in selling these as a success, often
irrespective of its actual merit. That such stakeholders criticize their interventions publicly and
therefore, their decision to some extent, is highly unusual [27].

Second, especially the high share of negative expressions after VAR incidents needs to take
loss aversion into account [28]: humans weigh losses higher than they weigh wins. In addition,
the loss of satisfaction also depends on the reference level. Consequently, fans that are, for
example, on the wrong side of a disallowed goal are likely to perceive relatively more negative
emotions than fans of the benefiting team perceive positive ones.

Third, the few studies investigating the impact of technological officiating aids on fans and
spectators showed that even if a TOA worked quite well, it might not be appreciated by every-
body. Looking at a similar intervention in rugby, Stoney and Fletcher [13] described that for
the vast majority of fans the use of the Television Match Official does interfere with their fan
experience, inter alia because they do not get proper information about the decisions made.
Winand and Fergusson [12] showed for another TOA in football, the goal line technology,
that only two thirds of the fans were in favor of this TOA, even though over 90% believed it is
accurate. In addition, the participants in their study tended to dislike the idea of implementing
(further) technological officiating aids. To sum up, the respective football associations, in our
case the English Premier League, need to be aware that these studies provide strong indications
that the video assistant referee interferes with fan experience, which is in line with our
findings.

To further verify our loss aversion argument, future studies could try to inspect the senti-
ment of the involved fan bases separately. That we did not do so can be seen as a limitation of
this study. However, one has to respect that approaches used by other studies, were not feasible
for this study (like using the tweets’ language) or were not considered appropriate (like the
location stated in the user’s bio, which can be changed at will). As previous studies found that
a decent share of tweets included some kind of expression of sympathy for one team, using
such information could be a promising approach [29]. However, people turn frequently to
Twitter to discuss on-going events during live sporting contests, especially if they perceive
themselves as experts [30], irrespective of their rooting interests. Consequently, only using
tweets of the involved fanbases can lead to a significant decrease of tweets that can be used for
further analyses.

Another limitation of this study is that we only looked at games of the EPL. Thus, possible
differences compared to other leagues need to be considered if one wants to draw general con-
clusions. As an example, the EPL has professional referees-the German Bundesliga has not.
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On the other hand, the German Bundesliga introduced the VAR already in the 2017/18 season,
whereas the EPL waited until 2019/20. Further, governing bodies can pursue different strate-
gies of communicating decisions or changes in the procedures. Nevertheless, all competitions
use the same underlying rules and regulations for the VAR.

Conclusion

With this work, we present evidence that the recently introduced Video Assistant Referee has
a negative impact on the sentiment of spectators of the English Premier League that post on
social media. We did so by developing a new approach for automated text classification, a vari-
ation of a gradient boosting algorithm, which we consider as another important contribution
of this paper. As the results of 10-fold cross-validations revealed, this approach outperformed
other common approaches for topic detection and sentiment classification for our data. We
are aware that the quality of sentiment classifiers depend on the topic, which means that a clas-
sifier trained on tweets related to one topic, can perform worse on other topics [31]. This
makes it hard to compare the performance measures to those from other papers. However,
especially considering the high values for Krippendorff’s Alpha and the macro-averaged
F-Score, two metrics especially suited to measure the performance of sentiment classification,
we want to encourage researchers to test this approach for further data sets related to other
topics or even for datasets including several different topics.

Regarding the Video Assistant Referee, several theoretical and practical conclusions can be
derived from our study. So far, neither scientific studies nor practical evaluations investigated
the immediate impact of a technological officiating aid on stakeholder groups. We did not just
show how this can be accomplished using immediate responses expressed by fans via social
media, but also demonstrated the merit of this information. Our study revealed that the VAR
has a substantial negative impact on fan experience, which needs to be taken into account by
the governing bodies in football.

It needs to be evaluated how this negative impact can be reduced, for which we want to sug-
gest two possible paths. First the football associations should try to ensure as much transpar-
ency as possible throughout VAR uses. Stoney and Fletcher [13] highlighted how important it
is for fans to get proper information about the decision-making process of replay reviews. To
provide this transparency, the associations could stream the communication between the ref-
eree and the video assistant (as it is done in field hockey) or equip referees with proper tech-
nology to announce information about the review process in the stadium (as it is done in the
NFL).

Another way to enhance the fan experience in relation to the VAR could be the implemen-
tation of a challenge system in which the competing parties are responsible to initiate the
review process by appealing against the on-field call. In football, the IFAB decided right away
to implement a different system in which the video assistant is responsible to initiate reviews
by double-checking every possible incident. This did not just lead to a nontransparent system
but also put the burden for the merit of this TOA on the shoulders of the referees exclusively.
Other sports use challenge systems for different TOA, e.g tennis or baseball, which takes some
pressure away from the referees, as the athletes or coaches themselves have to (immediately)
select the scenes that should be reviewed. The strategy to use such challenges, as athletes or
teams usually have a limited number of those, has become a much sought-after research topic,
which could be an indication of how challenge systems improve fan experience [32-34].

Irrespective of whether or not the suggested paths are seen as proper solutions, our findings
show that the status quo cannot be considered as satisfying and football’s governing bodies
need to improve the current system.
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