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Abstract

With the rapid digitization of the creative sectors, we have entered an era of abundance in terms of
the supply of creative products. These new trends revived the interest in attention economics
positing that an overabundance of information may lead to attention scarcity — consequently
affecting consumer decisions. We test these assumptions in a market for attention, whereas different
creative sectors compete for a finite supply of spotlight. In line with attention economics literature
and debate, we hypothesise that attention has been increasingly scarce over the past decade (or the
competition fiercer), but that the onset of COVID-19 might have relaxed this state to a point (due to
an average increase in leisure time). We test this by constructing a novel country-level, monthly
dataset on attention and time devoted to content in film, TV and games and analysing the
relationship between these sectors. Consistent with the theory, we find an increasingly negative
relationship between attention paid to different sectors that has somewhat relaxed during the
pandemic.



Introduction

The XXI century has seen an explosion in the supply of entertainment content that went in pair with
its accessibility. Digitisation greatly lowered the costs of production, distribution and, consequently,
of access. However, the abundance of content has put a strain on a so far underappreciated
consumer resource - attention. For the entertainment sector, this means that the competition for
consumers escaped the boundaries of single subsectors and instead pitted all types of creative
content against each other. This paradigm shift has been perhaps best expressed by the Netflix CEO in
a 2019 letter to shareholders: “We compete with (and lose to) Fortnite more than HBO”.
Consequently, some industry experts claim that we have reached or are near reaching the point of
peak attention — i.e. a moment when no attention can be given to particular content without taking it
from another (Mulligan, 2019).

Yet, to the best of our knowledge, the notion of sectors competing for a limited resource of attention
has not been empirically tested. Instead, most empirical work focuses on what determines the
success and popularity of creative products within individual sectors — without consideration for a
broader market competition for attention, which could constrain spending on any specific content.

To fill in this gap, we construct a novel dataset of attention measures for a set of creative sectors,
covering more than 20 countries, with monthly data between 2015 and 2023. First, we collect
sector-specific measures. For film and TV, we identify the most popular global and regional titles from
all periods. We find their unique IDs from Wikidata and use that information to collect
country-specific Google Trends data, which we standardize and rescale for a comparable set of
indicators of attention. For video games, we collect monthly player counts for all PC games in the
Steam catalogue from Steamcharts. We then merge this with information from Gamalytic to infer
country shares among the players. In the final version of the paper, we will also include information
on eSport viewership. Notably, we specifically focus on types of content that do not allow for
multitasking (e.g. listening to music while cooking or driving) and instead require full attention. In the
end, our data includes an attention measure that is: a) consistent over time; b) can proxy for the
amount of time devoted to a particular type of content; c) is available at high frequency and for many
countries.

The variation of the measures differs visibly between sectors. Our strategy thus is to base our analysis
on the between-sector relationships of within-sector changes. In other words, we standardise the
collected measures for each sector and country. In that way, our analysis picks up whether deviations
in any sector relate to deviations in the other sectors. For some sectors, these measures will be
comprehensive and derived from all meaningful titles, while in some sectors they will be based on
subsets of the most popular titles that capture industry-level trends.

We conduct our analysis using econometric modelling and include seasonal and country-level fixed
effects (in the panel approach). We analyse the intensity of the relationships across different
subperiods and relate them to the key technological developments over the same period. We also
analyse whether the pandemic's start had an impact on the observed patterns.



1. Literature review

The digital era brought about a growing supply of creative content, including that of high quality.
Waldfogel (2017, 2018) documents the growing production of new titles across all creative industries,
from film to music to books and games. He documents not only an abundance of choices but also
that these choices do not overcrowd the markets. Instead, users consume an increasingly diverse
selection of titles, with the overall quality of consumed content increasing (or at least not
decreasing). With these trends, market players increasingly focus on facilitating product discovery, to
allow sifting through the growing catalogues.

With the amount of content rapidly growing, curation and recommendation strategies have become
important. The shift from physical stores to online marketplaces and platforms allowed for all of
them, however niche, to enter distribution. This, however, also meant an increased challenge for
selecting high-quality content to consume. Thus, consumers now place additional value on
recommendation algorithms that help sift through the long catalogues (Sinha and Mandel, 2008;
Aridor et al., 2022). Conversely, Brynjolfsson et al. (2023) highlight the value of time in the general
valuation of free online goods.

Despite the support of recommendation systems and curators, finding time for all the released
content has become increasingly difficult. More than half a century ago, Simon (1971) noted that “a
wealth of information creates a poverty of attention and a need to allocate the attention effectively
among the overabundance of information sources that might consume it” (pp. 40-41). This concept
understandably received new traction in the internet era. Webster (2016) wrote about the
“marketplace of attention”, highlighting the growing importance of targeting and personalisation as
ways of achieving success in the new media landscape.

Indeed, some media experts have already concluded that we have already reached “peak attention”
and that no time is left for additional consumption (Mulligan, 2019). Purdy and Reznik (2019)
additionally suggested that the ongoing competition for consumers’ attention and engagement might
and should (from a marketing point of view) extend to firms beyond the entertainment sectors. The
authors argue that most firms should learn from the entertainment industries about the value of
capturing and retaining consumer attention, in a way to form engagement and loyalty regarding their
brand. This suggests that the competition for attention might get even fiercer.

Beyond the abundance of content, attention strain could also result from internal shifts in the
creative sectors. Within the film and TV market, there has been a pronounced shift in the distribution
of high-profile titles across different VOD services. For example, just between 2016 and 2019, the top
10 most popular (most sought-after) TV shows among IMDb users have shifted from mainly
traditional TV shows to almost exclusively VOD or premium TV shows. Moreover, while the most
attention-grabbing VOD shows came from 2-3 such services in 2015 and 2016, this number increased
to 9 by November 2019.' Indeed, as shown by Nason (2019), an increasing share of US households
subscribes to an increasing number of different video streaming services.

These trends contribute to what has been dubbed “subscription fatigue”. Indeed, several reports
show a growing frustration with subscription services, in terms of their number, their combined price,
the way the content is increasingly spread, the overwhelming choice, increasing searching costs and
difficult management of several subscriptions (Gilsenan, 2019; Westcott et al., 2019; Inman, 2019).

' The numbers are based on own analysis using data reported by IMDb and archived by Internet Archive
Wayback Machine.
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These findings go in line with the effects of attention scarcity or saturation, whereas the viewers find
it increasingly difficult to manage their consumption behaviour.

Over the past two decades, other kinds of content have been taking increasing shares of users’ time.
The video game market has been rapidly growing, overshadowing other creative sectors. By 2022, its
revenues have been estimated at $203B (Wijman, 2022), almost four times the combined revenues of
the box office and music revenues (Loria, 2022; IFPI, 2022). In the same period, new types of digital
content have been emerging, putting additional strain on the attention resources, including eSports
and live-streaming channels, as well as social media platforms such as TikTok. With a growing and
older video game player base and entirely new types of content, the general supply of time and
attention is likely becoming an increasingly important factor influencing success.

One major change potentially relaxing these strains was the start of the COVID-19 pandemic. Aksoy et
al. (2023) note the COVID-19 pandemic of the 2020s greatly altered daily schedules, permanently
shifting some of the work home and contributing to increased leisure time. During that time the
overall internet traffic greatly increased not only due to remote work (Feldmann et al., 2020). Live
performances, festivals and theatres suffered great losses, while film production has been largely
halted (Nhamo et al., 2020). Moreover, the reduced commuting and mobility during the pandemic
reduced the demand for music streaming (Sim et al., 2020), while the demand for VOD streaming
services soared to a point where streaming quality reductions had to be enforced across the EU. The
gaming industry also noted unprecedented increases (that currently, after a large slowdown,
contribute to massive layoffs across firms).

2. Hypotheses

Our aim in this study is to put the notion of the changing competition for attention to the test. In
particular, owing to the changes induced by digitisation, we hypothesise a negative relationship
between the attention ascribed to different creative sectors. In particular, when studying time trends,
we suspect that deviations in the demand for a particular type of goods (e.g. due to blockbuster titles
being released) can be related to lower interest in other types of goods, as the attention and time
budgets decrease.

H1: Attention devoted to a creative sector is negatively related to the attention devoted to other
creative sectors.

Studying prior trends in the creative sectors suggests that the competition for attention has only been
growing larger, with the arrival of new types of content, the popularization of some others and the
growing dispersion of high-profile content across services. In this line, we suspect that the
relationship between attention paid to different creative sectors has been increasingly negative over
the years.

H2: The relationship between attention devoted to the creative sector has been increasingly negative
over the past decade.

Finally, as the COVID-19 pandemic reduced the production output and increased the time of leisure,
we suspect that it has relaxed the attention strain induced by the competition of different creative
sectors.



H3: The COVID-19 pandemic intensity reduced the negativity of the relationship between the
attention given to different creative sectors.

3. Data and methods

To verify the hypotheses we focus on three types of creative goods: long-format audiovisual products
(i.e. movies and TV series), PC video games and live-streaming. Three factors dictate our choice. First,
we focus on types of content that require full attention for consumption, e.g. unlike music listening,
which can be combined with other activities. Second, all three sectors are prominent and have been
growing in recent years or changing in a way that could contribute to attention strain. Third, we can
approximate attention or demand in each of these sectors with high (monthly) frequency and for
numerous countries.

3.1. Film and TV data

To measure the level of attention devoted to films and TV series we follow the steps:

1) We identify a large set of highly popular titles covering the years 2015-2023.

2) We collect IDs related to these titles that are recognisable by Google as individual topics.

3) Using the IDs, we collect the Google Trends information for these titles for a set of countries,
covering all months between 2015 and 2023.

4) We standardise the Google Trends information to achieve comparable values.

The title sample for relevant content is constructed by collecting the Top 100 titles in separate charts
for movies and series according to their popularity on IMDb determined through the interest of
website users. IMDb has been the most popular film and TV-devoted website, compiling a broad
range of information on titles, actors, production studios, etc. Its Moviemeter and TVmeter top 100
lists provide a ranking of the titles currently most sought by IMDb user base. We use the Internet
Archive’s Wayback Machine? to access historic rankings and collect the titles of at least monthly
frequency, starting from 2015 (the list of historic dates for the rankings, available through Wayback
Machine, is provided in Appendix Table 1). In total, we collect 5157 titles in this way (Appendix Table
2). This sample contains a considerable amount of internationally popular and relevant movies and
series.?

To measure the joint attention given to the titles in our sample across countries and dates, we use
Google Trends data. The Google Trends tool provides high-frequency, country-specific information on
the relative search volumes for specified keywords or topics. For film and TV it thus constitutes a
reliable measure of attention. It has also been proven to provide valuable information correlated with
the current level of activity in various sectors such as retail sales, automotive sales, home sales or
travel (Varian & Choi 2009).

2 https://web.archive.org/
% In the final paper, we plan to additionally collect the most popular regional productions to cover the attention
and interest in titles that did not reach international popularity. We used the IMDb advanced search tool, which
can be used to return titles released in specific periods and produced in specific countries and sort them
according to their popularity in a given country. We thus identified the most popular local releases from
countries in the sample, collecting at most 10 top series titles and 10 top movie titles from every month for any
country. The collection of attention expressions for these titles is still ongoing.
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Google Trends can provide search popularity for keywords and phrases, but also for particular topics
that can be identified through unique IDs as defined by Freebase or Google Knowledge Graph (GKG)
IDs. We take advantage of this by collecting the Google-recognised IDs of our movie and TV series
titles from Wikidata and Google APl. We do so by utilising the IMDb IDs from our initial title sample
and retrieving relevant IDs recognisable by Google Search (Freebase and GKG). We then collect search
interest data for all the titles and countries in our sample. This approach gives us two advantages over
merely using titles as keywords for Google Trends. First, by relying solely on topic IDs, we can be sure
that the search interest is not conflated with search terms for other topics with similar wording (e.g. a
search for “witcher” could otherwise refer to a TV show, but also to books, video games and other
media about the character). Second, we can easily identify the same titles across different countries,
even if the titles were translated locally (e.g. the “Witcher” show is named “WiedZmin” in Polish and
“ZaklinaC” in Czech, so the search term “Witcher” would only provide reliable results in some
countries, while collecting popularity of the Witcher show object by its ID will provide consistent
results for all countries).

Google Trends offers valuable insights into search trends, but it comes with certain limitations. Firstly,
the data provided by Google Trends does not present actual search volumes but relative scales.
Essentially, Google Trends divides the volume of a specific query by the total number of searches
within a specified time frame and geographic region. This normalized volume is then set with 100 as
the peak of searches, providing a comparative measure rather than exact figures. Secondly, there's a
constraint on the number of queries that can be analyzed in a single request, with a maximum limit of
five queries. This means that when using Google Trends, researchers can only directly compare the
search volumes of up to five titles simultaneously.

We develop a framework that overcomes these limitations and provides us with comparable sets of
measures. First, we collect the information for each title with the addition of a ‘reference’ title for the
second time series. We then rescale the numbers for each title using the reference as units.* In the
end, for all titles and countries, we end up with numbers that consistently reflect the same unit of
measure through the reference to the benchmark title and country.

Finally, for each country, we standardize the values for a mean of 0 and a standard deviation of 1. Our
Google Trends data units are not interpretable in any conventional way. Standardising them allows us
to interpret the numbers in terms of changes in magnitudes comparable with the standard deviations
of the attention devoted to films and TV products.

3.2. Video games

To measure the level of attention devoted to video games we follow the steps:

1) Identify all video games in the Steam catalogue.

2) Collect information on monthly player counts from Steamcharts.

3) Collect information on country share among players from Gamalytic.
4) Estimate the number of players from each country.

5) We standardise the players' information to achieve comparable values.

* In detail, for each title and country we set the Google Trends for the Breaking Bad series in the USA as the
reference. We then rescale show’s popularity by defining it in reference to the popularity of Breaking Bad in
January 2015. Breaking Bad was chosen due to its status of the highest-rated television series in the IMDb
rankings, coupled with its sustained and consistently high search volume over the nine-year duration of our
analysis. An example comparison of Breaking Bad and other series can be viewed in Appendix X.
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For video games, we focus on PC titles as it is the only platform for which comprehensive statistics are
publicly available. PC video games account only for a part of the total video game market, but the
trends in gameplay are likely parallel across different consoles, with major titles often released across
different systems. Steam remains the largest digital store with PC video games, holding a majority
share of the market. Steam also provides access to APl services that can be used to retrieve current
information about video games. Steamcharts uses that information to compile up-to-date data on the
average number of players playing particular titles. These data are provided for most of the Steam
titles, including historic monthly counts.

Notably, while some estimates of PC video game sales are also available, the player counts are
preferable for this study. Video games differ widely in the time required for their completion.
Moreover, many video games focus not on completable plots but on repetitive multiplayer
experiences. The ongoing player counts — even for older titles — are thus a better measure of actual
attention paid to the video games at any point in time. They can also reflect players returning to
previously played games, etc.

Using the Steam IDs we then collect information on player countries from Gamalytic. Gamalytic
compiles information and estimated numbers based on data from Steam. Their approach for
estimating country shares likely builds on the country information provided in user profiles who leave
reviews for games or ones with particular games listed in their “owned” lists.> As the information is
generally thus accessible for only a subset of actual players it includes some missing information. In
particular, it is quite reliable for titles with large player counts, but smaller titles might miss
information on players from countries with smaller populations. Still, the number of video games
with data in our sample is approximately 50,000. Moreover, the titles with large player counts drive
the changes we are interested in. Finally, we are interested in within-country changes in gameplay, so
the numbers identified for particularly important titles are enough to provide consistent patterns.

As in the case of Film/TV titles, we standardize the player counts at country levels to arrive at
measures with means of 0 and standard deviations of 1.

3.3. COVID trends

We consider two separate measures for COVID. First is a dummy variable indicating the period
between March 2020 and December 2022. Notably, the choice of the period is subjective, with the
severity of the pandemic varying largely over the studied period. Many of the effects we consider
stem from work-from-home or pandemic restrictions which can vary between countries and depend
on the current severity of COVID-19. Thus, as a second measure, we introduce Google Trends for the
topic of the COVID-19 disease in particular countries. Google search volumes for COVID-19 have been
previously shown to accurately predict the severity of COVID-19 infections across time and can be
thus used as a more consistent measure than tested cases or government restrictions (see e.g. Chu et
al., 2023; Minakawa et al., 2022; Pan et al., 2020; Sato et al., 2021)

® The exact way of estimating these shares will be described in more detail in future versions of the paper.



3.4. Final sample

Our final sample for this paper version covers 27 countries® with full data on the attention for film/TV
and PC games, spanning months from January 2015 until December 2023. The final derived scores for
each country can be viewed in the Appendix Graph 5.

4. Results

To verify the hypotheses we estimate a series of models using the panel OLS regression with
country-level fixed effects. Standardised player counts constitute the explained variable, whereas
film/TV attention is our main variable of interest. We start with the base model including an
additional control for a global linear yearly trend and monthly seasonal effects in the model (1). We
subsequently add country-specific year trends in model (2). We then test for the effects of the COVID
pandemic with a COVID dummy indicator (models 3 and 4), and with COVID country-specific trends
(models 5 and 6), as well as their interactions with the film/TV measure. Table 1 summarises the
results of all models.

Table 1. Panel OLS regressions of standardized player counts on the standardised level of attention
towards film/TV content

Player counts on: (1) (2) (3) (4) (5) (6)

. ) -0.04***  .0.04***  -0.09***  -0.09***  -0.04*** -0.04***
Film/TV attention |~ 1) (0.01) (0.02) (0.02) (0.01) (0.01)
Film/TV attention 0.16*** 0.16***

# COVID dummy* (0.02) (0.04)
Film/TV attention 0.05*** 0.05***
# COVID trend™ (0.01) (0.01)
0.30*** 0.28*** 0.29%***

Year (0.00) (0.00) (0.01)

0.10**

X
COVID dummy (0.04)
0.00 0.00
XX

COVID trend (0.02) (0.02)
Month FE Yes Yes Yes Yes Yes Yes
Country FE Yes Yes Yes Yes Yes Yes
Country-specific No Yes No Yes No Yes
year trends
Observations 2,916
Countries 27

Notes: Robust standard errors in parentheses. P-value: *** < 0.01; ** < 0.05; * < 0.1;
X dummy for 2020.3-2022.12. ® standardised Google Trends for the topic of COVID-19 disease.

The relationship between the analyzed two sectors is negative and significant in all models with a
coefficient next to film and television attention equal to -0.04 in models (1), (2), (5) and (6) and an

® Argentina, Australia, Canada, Belgium, Brazil, Czechia, Finland, France, Germany, Hungary, India, Italy, Japan,
Mexico, Netherlands, New Zealand, Norway, Poland, Portugal, Slovakia, South Korea, Spain, Sweden,
Switzerland, Turkey, United Kingdom, United States of America.
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even stronger negative correlation in models (3) and (4). Taken as is, the coefficients would suggest
that a one standard deviation shift in attention towards film and TV titles relates to a 0.04 SD shift in
player counts (or time devoted to video games) in the opposite direction.

Furthermore, we find that the relationship has become more positive during the pandemic. In models
(3) and (4), the joint relationship becomes positive, whereas in models (5) and (6) which include more
detailed measures of COVID-19 trends, the relationship with Film/TV attention during harder COVID
times essentially drops closer to 0. To verify the robustness of our estimations, models (2), (4) and (6)
include country-specific linear time trends. However, this additional control does not affect our
coefficients of interest.

To better understand the relationship between the demand in the two sectors we additionally
estimate models with interactions for each year in the sample. A whole sample model estimations are
reported in the first column of Table 2. The relationship changes through the studied period,
becoming more negative between 2015 and 2019 (with an outlying positive relationship in 2018),
then experiences three years of positive or non-significant relationship in 2020-2022 and returns to
negative in 2023.

As a final check, we additionally split our sample into subsets of countries with different levels of
attention devoted to film / TV titles. To do so, we use the non-standardised film/TV attention
measures, which remain comparable between countries. This split allows us to focus on countries for
which the identified film/TV titles consume the largest shares of available consumer attention.
Notably, we lose much of the statistical power as we reduce the number of analysed countries to 6-7
per regression. Still, for the fourth quartile, we see the strongest reflection of the down-slope trend
between 2015-2019, its 2020-2022 rebound and continued decrease in 2023.

Table 2. Panel OLS regressions based on the level of attention towards film/TV content

PI : Whol
ayer counts on ole Quartile 1 Quartile 2 Quartile 3 Quartile 4
sample
Film/TV attention
#2015 0.13*** 0.11 0.18*** 0.19*** 0.04
(0.03) (0.06) (0.04) (0.03) (0.07)
* _ * ok % _
#2016 0.05 0.08 0.01 0.11 0.02
(0.03) (0.08) (0.08) (0.02) (0.03)
- - _ *
#2017 0.01 0.07 0.05 0.06 0.09
(0.03) (0.06) (0.03) (0.05) (0.04)
* % * % -
#2018 0.15 0.23 0.22 0.11 0.05
(0.06) (0.16) (0.14) (0.03) (0.05)
#2019 -0.20*** -0.18** -0.20*** -0.23*** -0.21**
(0.02) (0.04) (0.02) (0.03) (0.06)
* % * %k -
#2020 0.04 0.08 0.04 0.08 0.01
(0.02) (0.04) (0.04) (0.03) (0.05)
~ * % * %
#2021 0.05 0.13 0.13 0.15 0.03
(0.04) (0.11) (0.04) (0.05) (0.02)
0.03 0.10 0.03 -0.12 0.06
#2022
0 (0.05) (0.06) (0.13) (0.10) (0.08)
- %k %k %k - - * - -
#2023 0.10 0.14 0.17 0.02 0.08
(0.03) (0.08) (0.09) (0.05) (0.05)




CH, FI, JP, KR, BE, BR, DE, AR, CZ, ES, AU, CA, GB, HU,

Countries Al NL, SK IN, PT,SE, TR _FR,IT, NO,PL___MX, NZ, US

Notes: Robust standard errors in parentheses. P-value: *** <0.01; ** < 0.05; * < 0.1;
All regressions include monthly fixed effects, country fixed effects and country-specific year trends.

Conclusions

We study the market for attention in which different creative sectors compete for the same limited
resource of attention. We hypothesise that if the recent decades have seen growing attention
scarcity, the relationship between the studied sectors should become increasingly negative. On the
other hand, as the COVID-19 pandemic relaxed some of the constraints on time budgets, we also
expect the relationship between the studied sectors to become more positive in that period.

To verify these hypotheses we study country-level monthly changes in attention and time devoted to
PC video games and TV/film titles. In line with our intuition, we find evidence for a direct competition
between the two sectors. As the attention and time devoted to one of them grows, the other sector
suffers. These relationships mostly come from non-seasonal, unexpected deviations from the
country-specific trends, suggesting that sudden spikes in attention (e.g. due to high-profile premieres)
might negatively affect the performance of titles in other sectors.

At the same time, the identified relationships become non-significant or even slightly positive during
the COVID-19 pandemic, suggesting that indeed it might have relaxed some of the competition for
attention. Notably, this change largely disappears by 2023, suggesting a return to the prior trends.

To the best of our knowledge, this is the first analysis of this type. From the perspective of economics,
it highlights the need to consider the competition between seemingly unrelated markets, as well as
that money is no longer the only resource that matters for consumer decisions. For marketing, this
provides a clear view of the need to account for trends and release schedules across different sectors,
in line with what captures the most attention at any given point in time. It also bolsters the need for
more research on how such relationships could be monetized, e.g. through brand extensions. Indeed,
recent years have seen an increasing number of film/TV products based on video games’, whose high
profile likely biases our results upward.

We plan several extensions to the current analysis in future versions of the paper. First, we plan to
include a broader set of countries to increase the statistical power of our analyses. Second, we plan
to cover a broader range of film and TV titles to account for local productions that can capture much
attention but only in subregions (and thus not appear in the IMDb Top 100 charts). Third, we plan to
introduce at least one more sector in the form of live streaming, to make our analysis of the market
of attention more comprehensive.

7 To name a few, the TV shows: Halo (2022), Last of Us (2023), Witcher (2019-ongoing; based on books but with
popular game series); films: Sonic the Hedgehog 1,2,3 (2020, 2022, 2024), Super Mario Bros. Movie (2023).
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Appendix

Westworld @ Breaking Bad Love Is Blind
TV series American drama series TV series
United States , 1/1/15 - 12/... United States , 1/1/15 - 12/... United States , 1/1/15 - 12/...

Graph 1. Interest over time output for titles Westworld, Breaking Bad and Love is Blind in the United
States from 1st of January 2015 till 31st of December 2023. Available online at
https://trends.google.com/trends/explore?date=2015-01-01%202023-12-31,2015-01-01%202023-12-
31,2015-01-01%202023-12-31&geo0=US,US,US&q=%2Fm%2F011c6zcc,%2Fm%2F03d34x8,%2Fg%2F1

1fnb5385q&hl=en
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Graph 2. Relative popularity index for titles Westworld, Breaking Bad and Love is Blind in the United
States from 1st of January 2015 till 31st of December 2023 as calculated by our approach.

Westworld ® Love Is Blind
TV series TV series
United States , 1/1/15 - 12/31/23 Poland , 1/1/15 - 12/31/23
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https://trends.google.com/trends/explore?date=2015-01-01%202023-12-31,2015-01-01%202023-12-31,2015-01-01%202023-12-31&geo=US,US,US&q=%2Fm%2F011c6zcc,%2Fm%2F03d34x8,%2Fg%2F11fnb5385q&hl=en
https://trends.google.com/trends/explore?date=2015-01-01%202023-12-31,2015-01-01%202023-12-31,2015-01-01%202023-12-31&geo=US,US,US&q=%2Fm%2F011c6zcc,%2Fm%2F03d34x8,%2Fg%2F11fnb5385q&hl=en
https://trends.google.com/trends/explore?date=2015-01-01%202023-12-31,2015-01-01%202023-12-31,2015-01-01%202023-12-31&geo=US,US,US&q=%2Fm%2F011c6zcc,%2Fm%2F03d34x8,%2Fg%2F11fnb5385q&hl=en

o

Graph 3. Interest over time output for titles Westworld in the United States and Game of Thrones in
Poland from 1st of January 2015 till 31st of December 2023. Available online at
https://trends.google.com/trends/explore?date=2015-01-01%202023-12-31,2015-01-01%202023-12-
31&geo=US,PL&q=%2Fm%2F011c6zcc,%2Fm%2F0524b41&hl=en
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Graph 4. Relative popularity index for titles Westworld in the United States and Game of Thrones in
Poland from 1st of January 2015 till 31st of December 2023 as calculated by our approach.
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Graph 5. Standardized trends by country over 2015 till 2023.

Attention

Variable
COVID Trends
— FilmiTV Attention

— Players

Players, Film/TV Attention, and COVID Trends by Country

AR AU
g
i]
3 ! i
CH oz
g
3]
: et A g ﬂ‘i‘“
- BAAIGART g
FR cB
9
3]
3 :
0 me\: sttt ) Whﬁ%
-3
JP KR
g
3]
3
-3
Nz PL
g
3]
3
Lh o~
2 WW% WM\%
TR Us
g
: |
3
o AT gl
-3

2016 2018 2020 2022 2024 2016 2018 2020 2022 2024

BE BR CA

DE ES Fl
Ill' . |
o} b 1o
MX ML NO
e e DIPY:

|~ by . ¥
DUV e NN AN vy WMWWK

2016 2018 2020 2022 2024 2016 2018 2020 2022 2024 2016 2018 2020 2022 2024

Date

14



Graph 6. Google Trends Tool schema (part 1).

Python code which scrapes IMDb TV and movie popularity charts URLs from the Wayback Machine for multiple years.

years_urls = []

for year in range(2014, 2025):
url_tv ttps://web.archive.org/web/" + str(year) + “0101000000%/https://www.imdb. com/chart/tvmeter"
url_mov = “https://web. archive.org/web/" + str(year) + “0101000000%/https://www.imdb. com/chart/moviemeter”
years_urls = years_urls + [url_tv] + [url_mov]

urls = []
for url in years_urls:
d = webdriver.Chrome()
d.get(url)
sleep(2)
elements = d.find_elements("xpath”, "//div[@class="calendar-day ']//a")
href_attributes = [element.get_attribute("href") for element in elements]
urls = urls + href_attributes
d.quit()

wayback_links = pd.DataFrame(urls, columns=["ur1"])

I

Python code which retrieves IMDb titles and their URLs from a given list of Wayback Machine URLs.
The IMDb IDs are then extracted from the URLs.

imdb_titles = pd.DataFrame()
for url in wayback_Tinks.loc[:, "url™]:
try:
web = req.get(url)
S = BeautifulSoup(Web.text, 'lxm1").find_all("td", {"class”: "titleColumn"})
A = [element.find("a") for element in 5]
titles [element. get_text() for element in A]
titles_imdb_urls = [element.get("href") for element in A]
imdb_titles_new = pd.DataFrame({"title": titles, "imdb_ur1": titles_imdb_urls})
imdb_titles = pd.concat([imdb_titles, imdb_titles_new], axis = 0)
sleep(3)
except :
pass

imdb_titles["IMDb ID"] = imdb_titles["imdb_url"].str.split,

expand = True)[7]

imdb_ids = imdb_titles.loc[:,"IMDb ID"].unique()

Python code which retrieves the Google ID (named in here "mid” as its in the middle of google trends Tink) by
searching the Google Autocomplete API and finding the relevant topic for a given IMDb title.

def request_type_link(id):
url = f"https://trends. google. com/trends/api/autocomplete/{id} ?h1=en-US&t z=-60&key={api_key}"
response = httpx.get(url=url)
topics_data = json.loads(response.text.replace(")1}",", )
data = topics_data["default"]["topics"][0]
result = pd.DataFrame. from_dict([data])
result["mid"] = result["mid"].str.replace(’/", "%2F")
result[“IMDb ID"] = id
return result

result_df = []
for id in imdb_ids:
try:
result_df. append(request_type_link(id)}

df = np.array(result_df).reshape(-1,4)
google_ids = pd.DataFrame(df, columns = ["mid", "title”, "type", "IMDb_ID"])

A slower way to gather the Google IDs, which creates the same results
as Autocomplete API, is to guery the wikidata API.

def get_entity_id(imdb_id):
query = """
SELECT 7item ?itemLabel 7freebase_id ?google_kg_id WHERE {
?item wdt:P345 "%s".
OPTIONAL { ?item wdt:P646 7freebase_id }
OPTIONAL { ?item wdt:P2671 7google_kg_id }
SERVICE wikibase:label { bd:serviceParam wikibase:language
[AUTO_LANGUAGE] ,en". }
3

" % imdb_id
wikidata_endpoint = "https://query.wikidata.org/sparql™
try:
response = requests.get(wikidata_endpoint, params={'query':
query, 'format': "json'})
data = response. json()
entities = data[ results']['bindings']

except :
entities = None

af entities:
entity = entities[0]
freebase_id = entity.get('freebase_id’, {}).get('value') if
"freebase_id’ in entity else None
google_kg_id = entity.get('google_kg_id", {}).get('value') if
"google_kg_id" in entity else None
return imdb_id, freebase_id, google_kg_id
else:
return None, None, None

imdb_ids_list, freebase ids_list, google kg_ids_list = zip(*
(get_entity_id(imdb_id) for imdb_id in missing_topic_ids))

google_ids = pd.DataFrame({ "IMOb_ID': imdb_ids_list, "Freebase ID':
freebase_ids_list, 'Google_KG_ID': google_kg_ids_list})

google_ids = google_ids.assign(mid
np.where(x["Freebase_ID"].isna(), x["
x["Freebase_10"]))

ambda x:
0ogle_KG_ID"],
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Graph 7. Google Trends Tool schema (part 2).

d

ids are not categorized in proper topic but relate to the popular Betor /actress from the movie.

wrong_topiecs =
google_ids [{google_ids[ type'].str.contains("series |Film|telenovela|program | show| programee |sitcon™)==False) &

(google_ids["type'] i= "Film™) & (google_ids["type’] != "Mowie") & (google_ids[ type’] != “Telenowela™) &
(google_ids [ type'] "Documentary™) & (google_ids[ type'] |= "Sitcom™) & (google_ids["type’] I= "Telewision
movie™) & (google_ids["type’] != “Film trilogy™)].type.unigue()

good_topic_ids = google_ids[~google_ids[ type’].isin{wrong topics)]

Clean the topics so that all searches are in relevant for movie and series categories. We find that enly -5 of

!

Each interest over time data can be retrieved from link created by taking:

“https rends. google. com/trends,/explore?date=2015-01-01%202023-12- 31,2015 -01-01%202023 12 - 31&ge0=
{country_code}, {country_base code}ig={mid},{base_mid}&hl=en"

In this study the base mid = "%2Fn%2F03d34x5™ stands for Breaking Bad as Tv Series and used base country code
18 TUST.

One can use selenium to retrieve data in cav format from created links o pass obtained paraseters to one of
the Tibraries which provide an interface for retrieving and displaying Google Trends information, such as
gtrendsi.

search.df < gtrends(
keyword = c(mid, base_mid),
peo = ccountry_code, country_base_code),
time = pastelas.character("2015-01-01"),
as.character("2023-12-31")),

onlyInterest = TRUE

Jinterest_over_time
R code for Teveling the grréndsh intersst over tisé output.

guery_result.df <- search.df %%
mutate(keyword_id = title) %=X
mutate(keyword = ifelse(keyword == "Breaking Bad™, "hits_bb_us", "hits_x")) %%
mutate(hits = as.numeric(hits)) %X
mutate(hits = ifelselis.nalhits), 0, hits)) %%
select{-gprop, -Category, -time) X%
pivot_wider (names_from = keyword,
values_from = hits)

result. g@f <- query_result.df %%
mutate{date = as.Date(date)}) %%
arrange{date) %%
group_by{date, keyword_id) %=X
mutate(reference = ifelse(date == “2015-01-01", hits_bb_uws, HA)) &%
ungroup() ¥=%
proup_by (keyword_1d) =%
mutate(reference = mean({reference, na.rm = TRUE)) %=%
mutate(x_max = max(hits_x)) %%
sutate(reference_final = ifelselhits x == x max, hits_x/reference, NA)) %%
mutate{reference_final = mean(reference_final, na.rm = TRUE)}) =%
sutate(leveled_guery = reference_final"hits_x) %%
ungroup( ) $=%
as.data. frame(.)

Table 1. Dates of top 100 popular lists available through the Wayback Machine (included in the final

paper).

Table 2. TV series and movie titles (included in the final paper).

Iso
country
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