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Abstract

The joint-hypothesis problem casts doubt on the results of market efficiency re-
search. Specifically, it is hard to assess to what extent financial markets reflect
economic fundamentals or mispricing. To address this issue, we study price for-
mation in a large virtual asset market where fundamentals are predetermined and
publicly known. We find that a number of well-established determinants of returns
from the real world also affect asset prices in this market, despite the absence of
systematic risk. The results suggest that prices in real financial markets include
a substantial behavioral component, which is likely underestimated in canonical

asset pricing tests.
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1. Introduction

The joint-hypothesis problem casts doubt on the results of market efficiency research (Fama
(1970, 1991)). Specifically, it is hard to assess to what extent financial markets reflect
economic fundamentals or mispricing. To identify the former, a common approach is to
construct portfolios that capture sources of systematic risk that are otherwise latent (see,
e.g., Fama and French (2004)). Notable examples are portfolios of stocks ranked on size
or book-to-market (Fama and French, 1992), among many others. It is not entirely clear,
however, whether such factors also represent mispricing to some extent (see, e.g., Daniel and
Titman (1997); Stambaugh et al. (2012)).

A different approach is to try and identify mispricing directly, by modeling investor biases
through a proxy called “sentiment”. The idea is to capture instances in which economic agents
hold unduly optimistic or pessimistic beliefs, i.e., not based on the facts at hand (Baker and
Wurgler, 2006). This process typically involves the creation of an index. The most prominent
examples in this sense are the indices of consumer sentiment (Carroll et al., 1994), and
investor sentiment (Baker and Wurgler (2006, 2007); Baker et al. (2012)). Nonetheless, the
issue with these measures is that they may reflect economic fundamentals (see, e.g., DeVault
et al. (2019) for an excellent discussion).

In this paper, we propose a novel solution to the joint-hypothesis problem. We identify a
credible and ex-ante distinction between economic fundamentals and mispricing, and quan-
tify the relative impact of the two on asset returns. Specifically, we consider a large virtual
asset market in which fundamentals are predetermined and publicly known, which allows us
to directly and independently assess the impact of investor behavior on price formation. As
such, this is a unique setting to carry out asset pricing tests.

We find three main empirical results. First, a number of factors that are known to price
returns, such as size and book-to-market, represent mispricing rather than risk in this market.
Second, investor sentiment has an independent and substantial impact on returns. Third,
investor attention plays an important role in the price formation process. The results suggest
that prices in real-life financial markets include a substantial behavioral component, which

we estimate to account for about one-third of the overall asset volatility. Interestingly, the



magnitude of this effect is close to that of the decrease in returns on asset pricing anomalies
that follow academic publications (McLean and Pontiff, 2016).

Experimental studies also propose a similar approach, by recreating a simplified asset
market in which fundamentals are predetermined and publicly known. The main finding
of this line of research is that prices deviate from fundamentals, but eventually reach the

2 However, the structure of such markets features a small number of

rational equilibrium.
assets (typically one or two), participants (up to a few dozen), and trading sessions (30-60
max). As a result, this setup is not suitable for canonical asset pricing tests. Also, sentiment
can only be defined endogenously.

On the other hand, betting markets also offer the opportunity to study market efficiency
(Sauer, 1998). With respect to experimental markets, this setting features a large number of
assets and participants. However, fundamentals are privately known (if at all), assets have a
short time span (for example, a sports week), and transactions are zero-sum games (unlike
stocks). These features make it hard to study standard asset pricing issues, and also make
the definition of sentiment rather narrow if compared to that of other financial markets.?

In our study, we overcome these limitations. We analyze the price formation process from
an in-play market for soccer players in the online video game FIFA 19, which shows many
similarities in structure and demographics to real-life financial markets. In addition, it is a
closed system in which the economic fundamentals are captured by a set of “ratings”; i.e.,
predetermined scores for a number of player characteristics. These ratings are known to all
participants, defined prior to the start of the market, and orthogonal to the physical world.
To the best of our knowledge, this paper is the first to study the price dynamics of a video
game’s in-play market.

FIFA is a soccer simulator video game, and one of the most popular games worldwide.
FIFA 19, the version of the video game we study, was sold approximately 20 million times

and played by 36 million gamers. It is especially popular in Central and South America,

2See Forsythe et al. (1982, 1984), and Friedman et al. (1984), for relatively short-lived assets, and Smith
et al. (1988) for relatively long-lived assets.

3For example, bettors tend to exhibit a preference for underdogs (Ali, 1977; Snyder, 1978; Asch et al.,
1982; Asch and Quandt, 1987; Ziemba and Hausch, 1987; Golec and Tamarkin, 1991; Direr, 2011), or for
specific teams (Avery and Chevalier, 1999; Kuypers, 2000; Levitt, 2004; Forrest and Simmons, 2008).



Eastern and Southern Europe, and the Middle East.* Although there are more sports-
simulator video-games available, also with player markets, FIFA is by far the most popular.
We specifically focus on the game mode FIFA Ultimate Team (FUT), which allows gamers
to play against each other online. To participate in the game, users can exchange virtual
FIFA money, known as “coins”, and set up a squad by signing virtual soccer players.

At the beginning of the season, gamers participate in a primary market for players. FIFA
itself provides the initial supply by selling random sets of players with mixed abilities, known
as “packs”, for a fixed fee. Afterwards, gamers can exchange players on a secondary market.
The latter is a continuous market, with an open limit-order book. As such, it is similar to a
stock exchange, with a fixed supply of assets in the short term.’ Therefore, it also constitutes
the focus of our study. The main difference with respect to an equity market is that short
selling is not allowed, which constitutes a limit to arbitrage (Shleifer and Vishny, 1997).°

Attesting to the high utility gamers extract from playing video games, total leisure de-
mand is very sensitive to innovations in leisure luxuries such as gaming computer use (Aguiar
et al. (2021)). In addition to the utility of playing the game itself, however, gamers have
two important financial incentives. First, they earn coins for each match they win. Second,
they can sell their team to other users through an active market for FIFA accounts.” Specifi-
cally, every gamer is given a ranking in a general leaderboard depending on the performance
against their opponents. The higher the position, the larger the monetary value of their
team. These monetary and reputational incentives are key features of the game that make
it comparable to actual financial markets.®

Finally, it is also important to notice that the demographics of gamers are comparable
to those of real investors. The Entertainment Software Assocation (ESA) states that the

average gamer is 34 years old, male, and college educated. Sports games such as FIFA

4See, e.g., Gamstat.com.

5The primary market remains open, but becomes less important after the start of the season.

SHowever, shorting is also fairly limited in the stock market itself (Jones and Lamont, 2002). A large
fraction of institutional investors are prohibited from taking short positions (see, e.g., Chen et al. (2002)),
and there are also additional mechanisms that induce pessimistic investors not to trade (see, e.g., Diether
et al. (2002); Antoniou et al. (2016)).

"See, e.g., Playerauctions.com.

8 Attesting to the relevance of the financial component of the game, there is even an active online com-
munity including several prolific influencers where gamers exchange tips on how to maximize returns from
trading players (see, e.g., Futchief.com).
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are especially popular amongst the age group from 34 to 54. Although it is impossible to
observe the exact demographics of stock market participants, some studies suggest that they
are quite similar to those reported above.’

To determine players’ expected returns in the transfer market, we develop a simple the-
oretical model. For simplicity and without loss of generality, we consider a virtual transfer
market with two types of soccer players, with high-skill and low-skill, respectively. As in the
game, high-skill players are not only more talented than low-skill players, but also present
in lower supply. As a result, they sell at a higher equilibrium price. Since ratings are fixed
and predetermined, the two player types are uncorrelated assets.

Gamers are risk-averse, fully rational, and exhibit mean-variance utility over final wealth.
The optimal portfolio of soccer players solves the following trade-off. On the one hand, high-
skill players increase the quality of the team. On the other hand, their expensive nature
reduces the size of the squad gamers are able to afford. In turn, a smaller squad provides
less insurance against player injuries, suspensions, and fatigue during the game. Gamers
then make two choices. First, they determine the optimal portfolio composition of high- and
low-skill players. Second, they decide on the optimal amount of coin reserves to hold as a
liquidity buffer, in case new players are needed.

In equilibrium, we show that all assets in this economy are priced by the security market
line. Since fundamentals are predetermined and uncorrelated, however, there is no covariance
risk across assets, and then the beta of any player simply reflects the ratio between the
player’s volatility and the volatility of the market portfolio. The mechanism is as follows.
Players with lower ratings are more volatile, as there is more uncertainty associated with
their performance.'® As a result, they command a higher risk premium. The source of risk,
however, is specific to the player, and therefore completely idiosyncratic.

This is an important result for two reasons. First, beta pricing makes portfolio analysis

%For example, Grinblatt et al. (2011) find an average age of approximately 40 years for the entire pop-
ulation of male Finnish retail investors. Furthermore, they show that stock market participation increases
with 1Q, suggesting that college-educated people are more likely to participate in the stock market. Bauer
et al. (2009) use data from a large discount broker in the Netherlands, and find an average age of 45 years
and a proportion of men of 75%. These estimates are also similar to those from the sample of Barber and
Odean (2001), retrieved from a large U.S. discount broker.

19For example, players with a high “passing” score are more likely to pass the ball accurately to a teammate
than those with a low score. Therefore, the outcome of the pass is more uncertain in the latter case.



meaningful in this market. Players with a higher beta, defined as above, should yield higher
returns. Second, the absence of systematic risk makes factor-model extensions inapplicable
to this market. Factors such as size and book-to-market may correlate with latent state
variables in the real world (Fama and French, 1995, 2004). In this market there are no state
variables, and then neither factor should have any impact on returns.

In the empirical analysis, we consider daily and weekly prices for the entire trading season
of FIFA 19. The data set is retrieved from FutBin, and spans the period from September
2018 to September 2019, for a sum total of 361 daily observations per player.!! To avoid
potential liquidity biases, we only consider players above a certain quality level and that are
still active in their real-life soccer careers. Of the 20,941 players available, then, the filtering
results in 1,994 unique players.

In the first set of empirical tests, we construct a number of factor-mimicking portfolios
that represent the cornerstone of modern asset pricing, such as those based on size and
book-to-market (Fama and French, 1992), market beta (Frazzini and Pedersen, 2014), short-
term mean reversion (Lo and MacKinlay, 1990), and volatility (Blitz and van Vliet, 2007).
Interestingly, we find evidence for each of these asset pricing anomalies in our sample, even
though there is by construction no change in the players’ fundamentals during the sample
period. In light of this, such anomalies seem to constitute genuine mispricing.

To get a sense of the magnitude, consider the book-to-market anomaly. The monthly
Sharpe ratio of the long-short portfolio on U.S. value and growth stocks is 0.16.'2 In our
weekly portfolios, which represents the closest analog to real-world monthly returns, we
obtain an estimate of 0.49. The larger number reflects the absence of fundamental news,
which reduces trading and thus the standard deviation of returns. To make a more instructive
comparison, we transform these measures into coefficients of variation, and obtain estimates
of 5.81 and 2.05, respectively. Their ratio suggests that mispricing may account for around

one-third of the total volatility of the real-life value premium. We obtain similar estimates

1 The latest edition of FIFA is released in September of each year. Gamers can still play the game and
trade players after a new edition becomes available, but market liquidity and data availability decrease
substantially.

12The sample period is from July 1926 through December 2019, and the data is retrieved from Kenneth
French’s website. For the sake of comparability with the FIFA market, we consider equal-weighted returns.
This choice also addresses the concern that value-weighting partly conceals mispricing patterns (Baker and
Wurgler, 2006).



when considering the size premium.

These results are based on univariate portfolio sorts. For robustness, we also estimate
the effect of the characteristics introduced above on returns through both Fama-MacBeth
regressions and fixed-effects regressions. We find that all characteristics are significantly
related to expected returns, and continue to carry the same signs. The results are also
robust to restricting the sample to the most liquid period, i.e., by excluding the first and
last two months of trading. We also find similar results when excluding “superstar” players,
defined as those with a rating above 90, and when using weekly instead of daily returns.

In the second set of tests, we introduce a measure of investor sentiment that is perfectly
orthogonal to the players’ value. We consider the daily news sentiment index from Buckman
et al. (2020), and study its relation with asset prices. Consistent with previous studies, we
find that investor sentiment is associated with a contemporaneous increase in asset returns
followed by mispricing correction (Baker and Wurgler, 2006, 2007; Baker et al., 2012), and
amplifies the magnitude of asset pricing anomalies (Stambaugh et al., 2012). The novelty
of our findings lies in the fact that they stem from a measure of sentiment that is genuinely
uncorrelated with asset fundamentals. As a result, we lend support to the credibility of the
findings from the existing investor sentiment literature.

Following Da et al. (2011), we also test whether players that receive more attention are
associated with a contemporaneous increase in returns. To this end, we alternatively define
attention as Google search intensity for a given player, the cumulative number of real-life
goals scored by a player until the period under consideration, and a measure of whether a
player is performing exceptionally well in real life, defined as the instance in which they get
selected in the FIFA “Team of the Week”. It is important to note that none of these measures
are related to the actual performance of players in the game, because the latter is entirely
based on predetermined ratings. Nonetheless, we find evidence that all three measures of
attention are associated with higher returns.

In a related analysis, we also explore the effect of attention-grabbing player characteristics
on valuations. Specifically, we consider players from the four main European soccer leagues
(i.e., England, Spain, Germany, and Italy), from a top team (i.e., one that ended up among

the top three in the prior season), and whose on-field position is the most advantageous to



score goals (i.e., striker). We find a significant contribution of all three attributes to player
pricing. Combined, players that play at a top team, and in a main league, are up to 4.5%
overpriced on average. All in all, these results confirm that market participants are prone
to the attention bias, as attention-grabbing events from real life irrationally affect pricing in
the game.

Finally, we study the dynamics of player returns by estimating a GARCH (1,1) time-
series model, introducing an extended set of control variables in the level equation for each
player individually. We find a Monday effect in player returns (Keim and Stambaugh, 1984),
as well as a reconfirmation of the positive effect of sentiment changes on returns (Baker and
Wurgler, 2006), and a small negative daily autocorrelation in returns (Lo and MacKinlay,
1990). In addition, we find volatility clustering due to the GARCH effect, with coefficients
that are qualitatively similar to those typically found for financial assets (Bollerslev, 1987).
In addition, we find evidence for the leverage effect when estimating a more sophisticated
GJR — GARCH model, due to Glosten et al. (1993a). Overall, the dynamics of player
returns show great statistical similarity to returns from real financial markets.

The remainder of the paper is organized as follows. Section 2 describes the video game
with its transfer market. Section 3 introduces the theoretical model. Section 4 describes the

data. Section 5 presents the empirical results. Section 6 concludes.

2. FIFA

2.1. General

The FIFA video games are a series of soccer simulators. A new version has been put on
the market each consecutive year since the release of FIFA International Soccer, or “FIFA
947 in the weeks leading up to Christmas of 1993. The games are developed by Electronic
Arts (EA) under their “EA Sports” label, which is also the creator of other notable sports
simulators such as Madden NFL (American Football) and NHL (Hockey). These games
have been released on multiple platforms, such as Xbox, PlayStation, PC, and Nintendo
Wii. The FIFA series is the most popular video game produced by EA, as well as one of the

most popular video games worldwide.



Global annual sales of the 2019 version of FIFA, known as “FIFA 19”7, amount to ap-
proximately 20 million units, the majority of which are for the PlayStation console. These
units are sold at an average price of around $60, which implies sales revenues of roughly
$1.2 billion from copies of the game alone. It should be noted that this estimate excludes
any in-game additional downloadable content, which is made available by EA for a fee, and
accounts for two-thirds of EA’s total revenues.

EA is very protective of its non-financial information, and therefore does not usually
share any statistics on usage or demographics. As a notable exception, on the occasion of
the FUT five-year anniversary, EA stated in 2014 that the total number of unique users
participating in FUT was 21,849,017. Users played around 264,000 matches per day over
that year, and exchanged virtual soccer players a whopping 1.46 billion times.

Although the specific demographics of FIFA gamers are unknown, the Entertainment
Software Association (ESA) publishes detailed demographics of gamers for the Unites States.'?
The average user is 33 years old, and roughly two-thirds of gamers are adults. A breakdown
into age categories shows that 21% of gamers are under 18, 40% between 18 and 35, 18%
between 36 and 49, and 21% above 50. Sports video-games such as FIFA are especially pop-
ular among gamers between 34 and 54 years old, of whom 54% are male, and 52% college
educated.

Overall, there is a large number of participants in the FUT market. Furthermore, the age
distribution suggests that market participants are mostly adults, male, and highly educated.
In light of this, the population of gamers seems to be not too different from that of financial

market participants.

2.2. FIFA Ultimate Team and the market

In this paper, we focus on FIFA 19. Specifically, we consider the game mode FUT and its
internal asset market. In this feature, users compose their own teams and compete against
each other in online matches. To participate in the game, gamers need to earn virtual FIFA
money, known as “coins”, and set up a squad of virtual soccer players.

At the beginning of the season, gamers participate in a primary market for players. FIFA

13See the 2019 Essential Facts About the Computer and Video Game Industry published by the ESA.



itself provides the initial supply by selling random sets of players with mixed abilities, known
as “packs”, for a fixed fee. When a user buys a pack, all the players contained therein are
added to their squad. Much like in real-life sports, users then need to pick a formation,
select the best player for each position on the field, and come up with a starting line-up of
11 elements including a goalkeeper.

After setting up the initial squads, gamers can exchange players on a secondary market.
This is a continuous user-driven exchange, with an open limit-order book. Users trade for
two purposes. First, they can modify the composition of their squad by replacing players
that do not suit their tactics with others that do. Second, they can try to sell their players
for a profit, in order to earn more coins. There are elaborate guides available on the internet
that provide information on how to trade effectively within the FUT market, with the goal
of optimizing profits from trades. Many of these guides refer to the basic principles of
microeconomics and the dynamics of financial markets, and encourage users to expand their
knowledge on these topics.

In addition to the utility of playing the game, gamers have two important financial
incentives. First, they earn coins for each match they win. Second, they can sell their team to
other users for real-world currency through an active market for FIFA accounts. Specifically,
every gamer is given a ranking in a general leaderboard depending on the performance against
their opponents. The higher the position, the larger the monetary value of their team.

The players in FIFA are characterized by a number of attributes that reflect their real-life
soccer skills. For example, the “pace” score determines how fast a player is, and the “shot”
score indicates the accuracy of the player’s shooting efforts. Other relevant characteristics
are “passing”, “dribble”; “defense”, and “physique”. These attributes are fixed, predetermined,
and known to all gamers. When considered all together, they determine a player’s overall
rating, expressed as an integer number between zero and 100. In turn, the rating represent
the player’s “fundamentals”. Hence, all fundamentals are publicly known in this market.!*

It is important to note that the market is fragmented across different gaming platforms.

M Note that players can achieve performances slightly above or below their ratings depending on whether
one or more teammates share their nationality, or play in the same club or league in real life. This effect,
known as “chemistry”, assigns an overall chemistry score to the team (between 1 and 100), and colors (green,
yellow, or red) for pairwise chemistry between any two players on the team. The magnitude of the effect is
limited, however, and should not affect our analysis in any obvious way.

10



For example, trading activity on the Xbox market is isolated from trading activity on the
PlayStation or PC markets. Furthermore, the market runs for one year only. When a
new edition of FIFA is launched, the market essentially stops running. Accounts cannot be
transferred to the new edition, and each gamer starts with a small default endowment of
coins and players. This feature makes the total supply of players exceptionally low at the

start of the year, which induces gamers to turn to the primary market to build their squad.

3. Model

Players in FUT can be thought of as finitely-lived dividend-paying assets. Adding a player
with a higher rating to a team increases the quality of the team, and thereby increases the
probability of winning matches and the accompanying pay-off in the form of FIFA coins.
Hence, the earned FIFA coins can be interpreted as dividends. Dividends are therefore
stochastic (the outcome of a match is uncertain), and the expected value of dividends is
conditional on the player’s rating (a higher rating increases the probability of winning).

Based on the mechanics of the market described above, we derive a simple theoretical
model that determines the expected returns for players. We consider a two-period game.
At time 0, agents start with a zero endowment of players and need to build a squad. To
participate in the transfer market, they need to purchase game-specific coins through cash.
The thus attained amount of coins constitutes agent j’s initial wealth, denoted by wg;. The
transfer market is characterized by perfect information, so there is nothing to learn from
market prices.

For simplicity and without loss of generality, players can be of two types: high-skill or
low-skill. High-skill players have a higher overall rating, defined as a numerical evaluation of
their abilities, than low-skill players. Since ratings are fixed and predetermined, these player
types are uncorrelated assets. The supply of high-skill players in the game is only a fraction
of the supply of low-skill players. Due to the lower supply and higher ratings, high-skill
players sell at a higher price.

At time 1, agents compete with each other in a series of games, and earn coins for each

victory. At the end of each period, all teams are ranked in a leaderboard according to their

11



overall performance. The final value of agent j’s team, denoted by w,;, is determined by the
position of the team in the leaderboard, plus the amount of coins earned and/or saved (if
any). This overall value can be exchanged for real cash.

Agents are risk-averse, and exhibit mean-variance utility over w,;. The optimal portfolio
of players solves the following trade-off. On the one hand, high-skill players increase the
quality of the team. On the other hand, their high price reduces the size of the squad agent
7 is able to afford. In turn, a smaller squad provides less insurance against player injuries
and suspensions during the game.

Agents then make two choices. First, they determine the optimal portfolio composition
of high- and low-skill players. Second, they decide on the optimal amount of coin reserves
to hold as a liquidity buffer, in case new players are needed. Holding coins earns no returns,
i.e., the risk-free rate is zero.

Investor j solves:

max E[U](lej)} = E(ZI)U) - %UCLTODU), (1)

Lampons )

subject to:

1111]' = Woj <1 + Z 7:ioﬁj) ’ (2)

i=L,H

where «; is the coefficient of absolute risk-aversion, and «;; is the fraction of wealth invested
in asset ¢. Note that high-skill players exhibit a higher first and second moment of returns
(i.e., Ty > 71 and 0% > 02).

In Appendix A, we show that all assets in this economy are priced by the security market
line. The betas, however, have a different interpretation than usual. Since there is no
covariance risk across assets, the beta of asset ¢ simply reflect the ratio between the asset i’s

volatility and the volatility of the market portfolio.
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4. Data

We retrieve price data for all players traded in the FUT market of FIFA 19 from FutBin, a
third-party website that aggregates FUT statistics. The sample period is from September
22, 2018, to September 19, 2019. In total, we obtain 361 daily observations for 20,941
players, coming from 156 countries, and playing at 632 clubs in 43 national leagues. Since
the market is continuous, there are no opening or closing prices. For this reason, the prices
made available by FutBin are recorded at midnight GMT.'

For liquidity reasons, we only consider the prices from the PlayStation market. We
limit the analysis to currently active players with the highest ratings, labeled as the “gold”
category, excluding famous players from the past that are no longer active in real life, known
as “icons”. Although we cannot observe turnover, we do observe that the prices of many
players are stale on some days. In light of this, we eliminate all players with zero daily
returns. In so doing, we obtain a final sample of 1,994 unique players with price observations
for each of the 361 trading days.

To assess the relevance of goal-scoring players in the game, we introduce a dummy variable
that takes on value one when a player is a striker.'® We also observe “Team of the Week”
(TOTW) selections, a weekly recurring event that takes place each Wednesday, where EA
selects 23 players that are currently performing exceptionally well in real life. This selection
is based on a relatively large set of variables, and fully carried out by EA.'7

Finally, we create dummy variables indicating the prestige of the players’ real-life club
and league. A “Top Club” is defined as a club that ended among the top three of the domestic
league at the end of the previous season (i.e., in 2018), whereas “Top League” includes the
English, Spanish, German, and Italian leagues, which represent the most important national

competitions in Europe according to the soccer governing bodies.

15Given that FIFA is predominantly played in Europe, this also represents a time of day with a fairly low
level of volatility and liquidity.

16Gpecifically, this category includes players denoted as “Striker”, “Left Forward”, “Right Forward”, “Center
Forward”, and “Center Attacking Midfielder”.

I"For the occasion, EA releases special versions of these exceptionally-performing players. These players
temporarily exhibit additional skills, and trade separately from their standard version (so both are simulta-
neously available in the market). However, special players are rare, traded less, and only exist for a limited
period of time, so we discard them from the analysis.

13
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Figure 1 plots the equal-weighted average price across the 1,994 players in the sample,
normalized to 100 on day 1, along with daily log returns.'® As hypothesized in Section 3,
there is an overall negative price trend. On the other hand, prices exhibit a steep increase at
the beginning of the season, followed by a gradual negative trend afterwards. Specifically, the
index loses approximately 40% of its value over the course of the year. The initial increase
in price is caused by supply shortages, which induces gamers to turn to the primary market.
The subsequent negative trend is explained by the decreasing horizon over which players
can be utilized or traded. A final striking observation is the crash in prices of over 20% in
August, which most likely reflects the thin trading that takes place towards the end of the
market.

As in real financial markets, daily returns are volatile and centered around zero. In
addition, there appear to be two clusters of high volatility and extreme returns: one at the
start of the season (September), and another one at the end (August).

The high volatility of returns reflects the fact that there are at least three reasons for
trading in this market. First, gamers may want to replace players that become unavailable
due to injuries or suspensions (for example, when they receive a red card during the game).
Second, gamers earn coins for each match they win, and can afford to sign better players as
a result. Third, sophisticated traders may try to profit from players’ mispricing.

Table 1 presents some descriptive statistics for prices and returns. In Panel A, we find
a wide price range, from 350 coins to 2.5 million coins, with a high skewness to the right.
Volatility is also substantial, as the standard deviation reaches the price level at the 75"
percentile. In Panel B, we find that average daily returns are very close to zero, but exhibit
a wide range from +281% to -317%.Y The distribution shows considerable excess kurtosis,
as is the case for financial markets (Fama, 1965), and positive skewness, which is a pattern
that is also observed for stock returns (Albuquerque, 2012).

In Table 1, Panel C, we consider player characteristics. Ratings, as defined by EA, range
from 75 to 94.2° The highest ranked players in the game are Cristiano Ronaldo and Lionel
Messi (both 94), and the number of players per rating category is inversely related to the

18 A rating-weighted index follows a similar pattern.
9 A lower bound of less than -100% is due to the fact that we use log returns.
20The relatively high lower-bound is due to the fact that we focus on “gold” players.
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Figure 1: Player prices and returns over time
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This figure plots the time series of daily average prices (top), and average
log returns (bottom), of the 1,994 players included in our sample. The
level of the price index is normalized to 100 on day 1, and the sample
period ranges from September 22, 2018 to September 19, 2019.
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Table 1: Descriptive statistics

Min. 25% 50% 5% Max.
Panel A: Prices
Mean 401.42 631.42 813.11 1,388.22 155,0434
Median 395.00 558.00 726.50  1000.00 1,587,479
Maximum  654.00  1,986.50 3,169.50 8,173.00 2,521,475
Minimum  350.00 400.00 406.00 700.00 483,542
Std. Dev. 23.19 199.53 322.97 1,054.55 644,541
Skewness -0.52 1.73 2.68 3.76 13.33
Kurtosis 1.45 6.93 12.79 22.71 216.02
Panel B: Returns
Mean -0.0096 -0.0008 0.0000 0.0013 0.0105
Median -0.0169 0.0000 0.0012 0.0086 0.0460
Maximum  0.1223 0.7153 0.9491 1.2080 2.8104
Minimum -3.1760 -1.2239 -0.9658  -0.7316 -0.1241
Std.Dev. 0.0283 0.1638 0.2176 0.2638 0.5096
Skewness  -6.8529 -0.2622 0.0107 0.2762 4.8639
Kurtosis 2.9233 5.0719 6.8660 10.7345 107.7861
Panel C: Attributes

Rating Top Club Top League  Striker TOTW

Mean 78.126 0.294 0.578 0.139 0.008
Median 77.000 0.000 1.000 0.000 0.000
Maximum  94.000 1.000 1.000 1.000 1.000
Minimum  75.000 0.000 0.000 0.000 0.000
Std.Dev. 3.280 0.456 0.494 0.346 0.087
Skewness 1.393 0.902 -0.315 2.088 11.338
Kurtosis 4.927 1.814 1.099 5.360 126.557

This table reports the descriptive statistics of the cross section of indi-
vidual player prices (Panel A), returns (Panel B), and attributes (Panel
C). In Panels A and B, we calculate the descriptive statistics individually
for each player (over the time series), and for each statistic we report
the minimum, first quartile, median, third quartile, and maximum of
the cross-sectional distribution across players. In Panel C, we report
aggregate descriptive statistics with a breakdown into relevant player
attributes. “Rating” is the overall rating score of the player in the game;
“Top Club” is a dummy that takes on value one when a player’s real-life
team ended among the top three of the domestic league at the end of the
previous season; “Top League” is a dummy variable that takes on value
one if the player’s real-life team is in the English, Spanish, German,
and Italian leagues, which represent the most important national com-
petitions in Europe according to the soccer governing bodies; “Striker”
is a dummy variable indicating attacking players; and “TOTW” indi-
cates the selection players by EA into the team of the week, based on
exceptional real-life performance.
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rating. The percentage of players from top leagues and top clubs is relatively high, and equal
to 57.8% and 29.4%, respectively. This is explained by the fact that we exclude lower-rated
players, which in turns implies a lower probability of playing for a top team or in a top
league. Strikers represent 13.9% of the players in the game, and TOTW selections account
for 0.8% of the player/day observations. Note that the TOTW dummy is the only player

characteristic that is time-varying.

5. Empirical analysis

Our empirical analysis proceeds as follows. We start by estimating the relation between
prices and fundamentals in Subsection 5.1. Subsequently, we proceed with the analysis of
returns in Subsection 5.2, sentiment in Subsection 5.3, attention in Subsection 5.4, and

additional properties of returns in Subsection 5.5.

5.1. Prices

As a preliminary analysis, we estimate the relation between player prices and ratings. To
this end, we acknowledge the fact that the supply of players is inversely related to their
ratings. By construction, the relation between supply and rating is concave. Furthermore,
since top players are in high demand and limited supply, prices should be a convex function

of ratings. Hence, the test equation is as follows:

log(P;:) = a + B Rating; + ﬁgRatz’ngf + 1+ €ty (3)

in which F;; is the price of player 7 in period ¢, Rating; is the rating of player ¢, and 7,
represents time fixed effects (either daily or weekly).

The estimates are in Table 2, Panel A. In column (1), we start out with a simple linear
model without the squared term. We find a positive and highly significant relation between
a player’s price and its rating. In column (2), we estimate the full equation. Consistent with
our priors, we observe a positive estimated coefficient on Rating?, which indicates a convex
relation. Also, introducing the squared term improves the model fit from 56.6% to 69.5%,

which suggests that the relation between prices and ratings is indeed non-linear.

17



"sosoyjuoIed Ul SOT)SIIRIS-) (POIDISN[O ARM-OM] OIR SIOLID pIepuRlg “A[oA1109dSoI ‘y . pUR ‘L. ‘. Se pajousp

mﬁ ~®>w~ &H UQ@ :Num :W&DH wﬂw e @ogﬁomﬁﬁwﬁm ﬁdoﬂmﬂﬁum Amv EOE@SUH .wO mﬁﬂmwh QOE@EEW@ @Qu muﬁ@m@h& m:n_ﬁu m:ﬁ_w
889°60T  889°60T  889°C0T  $89°€0T 08LFTL  0SLFTL  OSLFTL  O0SLFIL SO
Z1L0 70L°0 ¢89°0 0G¢°0 669°0 069°0 799°0 LTG0 v
(09s'ee)  (¢96L1)  (€96°LT) (LL076)  (egvog)  (8ev°0€)
w00 elTO0 wxulZ0°0 €800 wx€E0°0  «un€E0°0 Lunmyy
(0ot'ze-) (0T1T°L1-) (80T°LT-) (WLr08)  (veg06-) (V0€65-) (608°65-) (280°€€)
coxC00F" e80T wxnGB0F™ wwlPT0 sxB86T  wxsb86'F  sB86T  a8ET0  DHummy
m:Zh mm @Eﬂﬁ M®>EOO H@@GM\H mzm mm @QE,H M®>GOO H@@GMQ
@p@@ \ﬁ&@@\/\/ ”D Mwﬁﬁnﬂ O@V wgﬂﬁm ”O %G@nﬂ
(4TS LI A TSk 7 R e T 7 R e Tol A TES'6TL  TE8'6TL  TER'6TL  FES6TL SO
¢GL0 2eL0 zeL0 68¢°0 €20 LTL0 ¢69°0 99¢°0 PV
(e1e'¢6)  (80T02) (2I1°0%) (c61°06) (026'61) (€266T)
w800 xlT00  «xnlZ0°0 w9200 x920°0  «xx920°0 Lunmyy
(190°06-) (081°61-) (€81°61-) (90L7¢)  (GLi"e8-) (C00°6T-) (600°61-) (005G GE)
59607 1ex060T  x960F  wnn€CT0  wnbG6E" waFGOET wFGE'E e€GT0  Durmyy
qIINA Hd OWIL], X9AUO)) Jegur| qIINA o OWIL], X°AUO)) Jegur|
A[N-I9qUWIBAON (] [PU®R]

oldwes [[nyg :y [puR

sguryel pue sl :Z 9[RI,

18



Then we perform two additional tests. In column (3), we re-estimate the test equation
with time fixed-effects, to allay the concern that a time trend such as the one observed
in Figure 1 may potentially drive the results. Reassuringly, we find similar estimates. In
column (4), finally, we estimate Fama-MacBeth regressions. The estimates are analogous to
those from the time fixed-effects regressions, but the model fit increases to 72.3% due to the
time-variation in the [ coefficients.

Next, we perform a number of robustness checks. In Panel B, we re-estimate the test
equation in the subsample of observations from November 1 through July 31. The later
start-date roughly captures the moment in which the primary market has exhausted its
function as the main supplier of players, and the earlier end-date excludes the period of thin
trading that takes place towards the end of the season. The results show that the estimated
coefficients remain qualitatively similar, with an even higher goodness of fit.

In Panel C, we address the concern that the convex relation between prices and ratings
may be driven by a small number of star players. To this end, we exclude players with a
rating above 90. Reassuringly, we find similar results. In Panel D, finally, we estimate the
model using weekly rather than daily data, in order to reduce the effect of potential noise in
daily prices. The estimates are virtually unchanged.

Overall, the results show that up to 75% of the variation in prices is explained by ratings,
and the relation is quite stable across time and players. To a large extent, then, the market
seems to be pricing players correctly. To look further into this issue, we turn to the analysis

of returns.

5.2. Returns
Market beta

We start the analysis of returns by estimating a fifty-day rolling market-beta for each player:

Tit =+ Bro: + €it, (4)

where r;, is the log-return of player ¢ on day ¢, and r,,, is the log-return on the market

index, defined as an equal-weighted index of all players in the sample, and normalized to 100
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on the first day of the sample period.?! Subsequently, we rank players on their market beta
and form decile portfolios, rebalanced either daily or weekly.??

The results are in Table 3, Panel A. Based on the portfolio sorts, we find that the market
beta is not priced in the cross-section of player returns. Also, there is no discernible pattern
across deciles. The 10-1 spread is an insignificant 0.6%. Below, we shed further light on this

pattern in our analysis of investor sentiment.

Size and book-to-market

The empirical asset pricing literature has proposed a number of factors to explain the cross-
section of asset prices. The most well-known and influential attempt in this respect is
arguably the Fama and French (1993) three-factor model, which essentially augments the
CAPM with a size and a book-to-market factor. Next, we construct these additional factors
in our sample, and include them in the analysis.

We start with size. Although we do not have data on the supply of players in the game,
we can measure size using the price level P;; itself. The reason is as follows. The supply
of high-skill players is a fraction of the supply of low-skill players (ny < np). However,
the highly convex relation between prices and ratings more than compensates this effect
(Py > Ppr), thus making high-skill players “large caps” (ny Py > npPp). Also, the supply of
player i as a proportion of the total supply of players, n;/N, is fixed.?® Therefore, the time
series variation of size is only determined by the player’s market price.

In light of these considerations, we rank stocks based on the price level, sort them in
decile portfolios, and rebalance them either daily or weekly. The returns on these portfolios
are in Table 3, Panel B. Except for portfolios D1 and D10, returns monotonically decrease
with size. The 10-1 spread is a significant 5.5% with daily rebalancing, and a marginally
insignificant 2.6% with weekly rebalancing. For a better comparison with equity markets,
and specifically with the SMB factor from Fama and French (1993), we also calculate the
top-50-minus-bottom-50 spread. With daily (weekly) rebalancing, this spread equals a large

21Note that the risk-free rate is zero in this market.

22The results that follow are similar when replacing raw returns with CAPM alphas.

23This feature is hard-wired in the game, as the probability that a pack contains a player with a given
rating is fixed and decreases with the rating.
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and statistically significant 5.7% (2.4%). This inverse relation between market capitalization
and returns is consistent with the evidence from equity markets.

Next, we look into the book-to-market ratio. A well-known empirical regularity of finan-
cial markets is that stocks with a high book-to-market ratio outperform stocks with a low
book-to-market ratio. This spread, known as the value premium, has generated a heated
debate on whether it constitutes a genuine measure of risk, or also represents mispricing.
In the analysis that follows, we shed light on this issue. Although players in FUT do not
formally have a “book” value, we can calculate the fundamental value based on the model

from Equation (3). Specifically, we calculate the book-to-market value per player as:

BM,; = (a+ 1 Rating; + By Rating?) — In(P;.), (5)

using the estimated coefficients «, 1, and 5 from the Fama-MacBeth regressions in Table
2, such that the overpricing measure does not suffer from a look-ahead bias.?* Then we sort
players on BM,; ,;, and create decile portfolios. Again, we rebalance the portfolios either daily
or weekly.

The returns on these portfolios are in Table 3, Panel C. We find a monotonically increasing
pattern, as returns are positively associated with the book-to-market ratio. The 10-1 spread
portfolio earns a significant average return of 10.4% with daily rebalancing, and 4.6% with
weekly rebalancing. For a better comparison with equity markets, the HML factor from
Fama and French (1993) to be precise, we also calculate the top-30-minus-bottom-30 spread.
With daily (weekly) rebalancing, this spread equals a significant 7.8% (3.4%). Again, these
results are consistent with those from the real world.

To get a sense of the magnitude, consider the book-to-market anomaly. Using U.S. stock
data from July 1926 through December 2019, the monthly Sharpe ratio of the equal-weighted
long-short portfolio on value and growth stocks with 30% breakpoints is 0.16. In our equal-
weighted weekly portfolios, which represents the closest analog to real-world monthly returns,
we obtain an estimate of 0.49. The larger number reflects the absence of fundamental news,
which reduces trading and thus the standard deviation of returns. To make a more instructive

comparison, we transform these measures into coefficients of variation, and obtain estimates

24Note also that the goodness of fit of these regressions is quite high (above 70%).
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of 5.81 and 2.05, respectively. The ratio between the latter and the former is 0.35, which
suggests that mispricing may account for around one-third of total volatility of the real-life
value premium.

The results are similar when considering the top and bottom 10% breakpoints, and when
we replace the book-to-market ratio with cashflow-to-price or earnings-to-price. We also
analyze the HML factor from Fama and French (1993), which is defined in terms of value-
weighted returns and includes a second sort on size. The monthly Sharpe ratio of HML
is 0.10, which implies a coefficient of variation of 9.81. Compared with the coefficient of
variation from the FIFA sample (2.05), the estimates suggest that mispricing may account
for around one-fifth of total volatility of the value-weighted book-to-market spread.

Next, we consider the size anomaly. Using 10% breakpoints, the monthly Sharpe ratio
of the real-world long-short portfolio on small and large stocks is 0.11, which implies a
coefficient of variation of 9.40. Tts counterpart from the FIFA sample exhibits a Sharpe ratio
of 0.23, and thus a coefficient of variation of 4.27. The ratio between the latter and the
former coefficient of variation equals a whopping 0.45, which implies that mispricing may
characterize about half of the volatility of the real-world size premium for extreme decile
portfolios.

We also analyze the SMB factor from Fama and French (1993), which is defined in terms
of value-weighted returns and uses the 50% breakpoint. SMB exhibits a monthly Sharpe
ratio of 0.06, which implies a coefficient of variation of 16.09. Its counterpart from our
sample exhibits a coefficient of variation of 2.82, which constitutes 27% of the magnitude of
the real-world coefficient. Specifically, the number suggests that a little more than one-fourth

of the real-world value-weighted size premium may reflect mispricing.

Mean reversion and volatility

Apart from the three factors from Fama and French (1993), we can construct two more factors
in this market: short-term mean reversion (Lo and MacKinlay, 1990), and low volatility (Blitz
and van Vliet, 2007). The typical momentum strategy considers a lookback period of three
months to a year (Jegadeesh and Titman, 1993). That is not possible in the FUT market

because it only runs for one year. Therefore, here we focus on short-term mean reversion
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(Lo and MacKinlay, 1990). Specifically, we sort players on their return from the previous
day (week), form decile portfolios, and rebalance them daily (weekly).”® To test for the low
volatility effect in our data, we rank players on weekly return volatility, sort them in decile
portfolios, and rebalance them either daily or weekly.

The results for mean reversion are in Table 4, Panel A. We find that the short-term
mean-reversion effect is quite strong. The long-short portfolio yields returns of 7.0% with
daily rebalancing, and 6.8% with weekly reblancing. The results are mainly driven by deciles
8 to 10, which exhibit particularly low returns.?6

The results for volatility are in Table 4, Panel B. We find a strong low volatility premium,
with an almost monotonic decrease in returns across deciles. Although the magnitude of the

premium is not as large as for the other factors, the long-short portfolios still yields 5.0%

with daily rebalancing, and 1.6% with weekly rebalancing.

Characteristics

Next, we study the direct effect of the characteristics introduced above on returns through
Fama-MacBeth regressions. First, we include one characteristic at a time. The estimates
are in Table 5, columns (1) to (5). The results are similar to those from the portfolio sorts.
We find that market beta is not significantly related to the cross-section of player returns,
book-to-market has a positive effect on returns, whereas size, past returns, and volatility
exert a negative effect.

In column (6), we include all five factors simultaneously to investigate whether their
cross-correlations help explain the results. We find that all coefficients keep their sign and
significance, although the magnitude decreases slightly for all factors. In column (7), we find
similar results when we restrict the sample to the trading period from November through
July. In column (8), we also find similar estimates when excluding players with a rating
above 90 from the analysis. Finally, in column (9), we obtain similar estimates when using

weekly data, actually with slightly higher statistical significance, presumably due to the fact

25Experiments with a lookback and holding period of one month gives qualitatively similar results, but
with slightly lower excess returns.

26Tn fact, the spreads are mostly driven by deciles 9 and 10 for most factors. This might be a result of the
short sale constraints in this market, causing negative information to be impounded into prices more slowly
(Beber and Pagano, 2013).
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that weekly data contain less noise.

For robustness, we repeat the analysis by estimating fixed-effects regressions. Specifically,
we control for time-invariant player-specific characteristics and potential time trends.?” The
estimates are in Table 6. Reassuringly, we find that the results are similar to those from the
Fama-MacBeth analysis. The main difference between the two sets of findings is that the
coefficient of market beta is negative and significant in fixed-effects regressions when includ-
ing all regressors simultaneously, which is consistent with the low-beta anomaly (Frazzini
and Pedersen, 2014). Furthermore, the significance of size decreases somewhat when using
weekly data.

Overall, the returns on players in FUT exhibit dynamics similar to equities both in the
time series and the cross section. Given that the fundamental values are publicly known, and
there is no state variable in this economy, return factors seem to reflect mispricing rather

than risk.

5.3. Sentiment

Another way to detect mispricing is to try and identify investor biases directly, by capturing
instances in which economic agents hold unduly optimistic or pessimistic beliefs. Studies of
this sort, however, are also sensitive to the joint-hypothesis problem, as it is hard to rule out
the possibility that sentiment contains information on economic fundamentals.

In this paper, we consider a measure of sentiment that is perfectly orthogonal to the
asset market under consideration. Specifically, we take the news sentiment measure from
Buckman et al. (2020). The two main advantages of this measure are that it captures the
general level of sentiment in the media at large, not just financial news, and it is available at
the daily frequency for our entire sample period. We first study the direct effect of sentiment
on stock returns (Baker and Wurgler, 2006, 2007), and then the interaction effect between
sentiment and the characteristics introduced above (Stambaugh et al., 2012).

The results are in Table 7. We find that sentiment has an important effect on the price

formation process in FUT. In column (1), the direct contemporaneous effect of changes in

2TNote that player fixed-effects capture the time-invariant n;/N, which allows us to interpret P as a
genuine measure of size.

27



"sosoyjuored Ul SOTISTIRIS-) YIM ‘A[oATI00dSaT ‘. PUR L. S® POIOUDP SI [0Ad] YT PUR %G 940 oY) IR 00URIYIUIIS
[es1)sTIR)G “[9AS] oW oY) pue IaAe[d oy} I0Q Je PaIaISN[D oIk SIOLID PIRPUR]IS 'S)08e Paxy awi) pue Isied yjoq
9PN[OUL S[PPOUW [[Y "SOTISLI8JORIRYD JO I9qUINU © UO swInjal IoAe[d jo suoissaidal [aued Jo sjmsal o) sjuasead o[qe) STy T,

SOA SOA SOA SOx SOA SOA SOA SOA SOA g IoAe]q
Sox Sox Sox Sox Sox Sox Sox Sox Sox . owlLT,
¥2078 L92°18¢ 6TEC0C L09°T6G  290FL9  T90°FLO9  T90'FLO  ZI0FL9  LO9T6G  SAO
9£€0 09270 182°0 8620 112°0 8120 ¢ez0 652°0 e61'0 APV
(cog'e-)  (196'T-) (1e8°¢-) (¥e0'z-)  (08¢°0T-)
«610°0-  +£00°0- wx900°0-  4x€00°0-  4usFI0°0- ((1-)10A) 301
(e1e'01-)  (128°€¢) (86¢'T-) (768°¢-) (920°6-)
e TL80° 980°0- 22070~ #x980°0- B AN (1-)10y
(¢oL0-)  (¥96'T-) (0Lz°¢-) (Le¢72) (9¥1°6T-)
8€0°0- .0€0°0- wexlGO0- 4GE00- +x9TT°0- ((1-)a)38o1
(981°'9) (L¥°L) (886°¢) (zesL) (000°22)
wxx670T 4 TS0 «xxG82°0 81870 «x+890°T ((1-)ma)sor
(y1-)  (reee) (988°2-) (067°2-) (91€°1-)
600°0- «+¥00°0- +++80070~ «+F00°0- c00°0-  (1-)eed
(Apeem) 6 (06>) 8 (LIN-TIIN) L 9 ¢ ¥ g 4 T 19y :yuepuadeq

SUINJOI JO SUOISSAIFAI SI09JJo-PoxI] 19 9[qR],

28



[4 [4
xxx PUE

‘sosojuered Ul SO1)SIIRIS-) 9SNQOT YIm ‘Aparjoodson

s% % SB POIOUSD SI [0Ad] YT PUR ‘UG ‘00T 9YI IR 90URIYIUFIS [RITISTIRIG "S100[e poxy porad pue rolerd

)0q OpN[OUl SPPOW [y "A11A91q JO oes 9} I0J 9[(e} oY) WOIJ POPN[OXd N ‘[OPOUL oY} Ul POPN[OUT I8 SI0JIeJ o1}
30 s190p0 10011p YT, "(0g0g) T 10 UeWNong WIOIJ XOPUI JUSUITIULS SMOU A[rep oY) se pauyep ‘( LNHSP,,) IUOWIIUas
ur sofueyd pueR SOTISLIO)ORIRYD JO IOqUINU ' UO suwanjal Iaked jo suoissardol [pued Jo sjpnsal oY) sjuasord a[qey ST,

m®> w@xﬁ m@.% m@? w@xﬁ m@.% m@? HA p@%ﬁﬁm

m®> m®> m@»W m®> m®> OZ OZ HA wEWH

m®> m@»W m®> m®> m@»W m®> m®> mMO.SVQOO
L09°T6C  L09°T6C  L09T6C  L09T6C  L09T6C  L0O9'T6S  L0O9T6C  SAO

8620 8670 8620 8620 8670 9900 9900 4PV
(091°¢-)
+xG€0°0- ((1-)10A)3014(T-) LNHSP

(176°6-)
ST T- (1-)30U (1) LNISP
(L62°€T)
wxx0LT°0 ((1-)d)B014(1-) LNASP
(6€T'7-)
wexCLT T- ((1-)ING) 3014 (T-) LNISP
(0gz'9-)
V2070 (1-)e30d 4 (1-) INASP
(€0¢°9T-)
«x+€0€°0- (1-) LNHESP
(c0L'€)
x020'0  INASP
)} 9 g i4 S 4 ! 1Y :juepuadag

WIOUITYUDG ©) O[qBL

29



sentiment on returns is positive and highly significant. In column (2), lagged changes in
sentiment are negatively related to returns. Combined, these two dynamics suggest that the
effect of sentiment shocks on returns is reversed in the subsequent period, as in Baker and
Waurgler (2006).

In columns (3) to (7), we find that sentiment strongly mediates the relation between
characteristics and returns. In column (3), we find that the CAPM relation becomes more
negative in times of high sentiment. This pattern is consistent with the idea that sentiment
traders undermine an otherwise positive mean-variance trade-off during high sentiment pe-
riods (Yu and Yuan, 2011), overbidding for high-beta stocks especially in the presence of
leverage constraints (Frazzini and Pedersen, 2014). Overall, then, the insignificant results
from the previous unconditional analysis of market beta seem to hide important conditional
patterns.

In columns (4) and (5), we find that high sentiment is causing a slower mispricing correc-
tion of the size and book-to-market spreads, a well-known effect in equity markets (see, e.g.,
Baker and Wurgler (2006)). In columns (6) and (7), the results suggest that past returns and
volatility have a stronger effect on returns in times of high sentiment, which likely reflects

the well-known asymmetric trading pattern across up and down market states.

5.4. Attention

Apart from sentiment, attention is another important phenomenon in the behavioral asset
pricing literature (Da et al., 2011). An often-used exogenous measure of attention for a
particular item is its search intensity on Google, as measured by Google Trends. In one of
the first applications of Google Trends in finance, Da et al. (2011) find that higher search
volume is associated with higher prices, among others.

In this paper, we analyze the effect of attention on player prices by relating a player’s
search volume to price formation in FUT. The hypothesis is that gamers push up the price
for players that come under the spotlight.?® To test for this, we augment the model from

the previous subsection with player attributes that are likely to attract attention.

28Note that attention could theoretically also push prices down. However, given the short sale constraints
in this market, we expect the net effect to be positive.
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For each player, we obtain weekly search-intensity data from Google Trends. Google
does not provide the absolute number of searches per item, but rather a measure that is
normalized over time and space. In light of this, the results depend on the exact time period
and geographical area. We select the period from September 1 2018 through September 1
2019, and set the geographical area to global. The search intensity per player is only relative
to the player itself, so we cannot compare search intensity across players.?? The inclusion of
player fixed-effects, however, provides an econometric solution to this issue.

In addition to the Google Trends index, the set of attention-grabbing attributes we include
is the (cumulative) number of goals a player scores in real life in the national league, and
an indicator of whether the player is performing exceptionally well in real life as assessed
through the TOTW selection.?’ Since Google Trends data and TOTW selections are weekly,
and league matches are typically also weekly events, we carry out this analysis at the weekly
frequency.

The results are in Table 8. We find evidence consistent with our conjecture. In column
(1), an increase in attention as measured by search volume on Google is associated with an
increase in returns. In column (2), the inclusion in the TOTW selection exerts a positive
and significant effect on returns. in column (3), we observe a positive association between
returns and goals scored in real life by a player.

In columns (4) to (6), we perform a few additional tests. We show that the attention
effects of search volume, form, and goals do not capture the same type of attention, as
all three effects survive each other’s inclusion. Furthermore, the results are similar when
restricting the sample to the period from November through July, and when excluding star
players from the analysis.

Next, we study the relation between attention and valuations, where the latter is defined
as the market-to-book value of a player (M B, ;). Specifically, we expect players that attract
high levels of attention to exhibit high valuations. To test for this, we run a panel regression
of the market-to-book ratio on a number of attention-grabbing attributes, including a set

of dummy variables for top leagues, top clubs, and strikers. We also consider interaction

29Google Trends does provide an option to compare search terms, but this is only possible with up to five
terms. Thus we cannot compare the 1,994 players in our sample at the same time.
30Goal-scoring statistics are from Gracenote.
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Table 8: Attention

Dependent: Ret 1 2 3 4 5 (M11-M07) 6 (<90)

dGT  0.014* 0.010 0.015** 0.011
(2.120) (1.533) (2.165) (1.551)
TOTW 0.415%** 0.416*** 0.414*** 0.424***
(18.612) (18.414) (17.039) (18.360)

Goals 0.005** 0.006** 0.006** 0.006**
(2.205)  (2.231) (2.290) (2.216)

Beta(-1) -0.009 -0.009 -0.009 -0.010 -0.012* -0.010
(-1.500) (-1.529) (-1.485) (-1.572) (-1.788) (-1.596)
log(BM(-1))  1.963***  2.027***  2.040***  1.925*** 1.788*** 2.005***
(5.640)  (6.031)  (6.112)  (5.484) (4.626) (5.278)

log(P(-1)) -0.061 -0.040 -0.040 -0.065 -0.095* -0.056
(-1.119) (-0.739) (-0.739) (-1.199) (-1.740) (-0.945)
Ret(-1) -0.264*** -0.271*** -0.270*** -0.264*** -0.278*** -0.264***
(-10.276)  (-10.339) (-10.284) (-10.269) (-10.745) (-10.287)
log(Vol(-1))  -0.021***  -0.019***  -0.019*** -0.021***  -0.028***  -0.021***
(-3.880) (-3.293) (-3.317) (-3.890) (-7.128) (-3.833)

Adj.R? 0.342 0.344 0.337 0.350 0.351 0.351
Obs 82,425 84,074 84,074 82,425 71,259 81,823

Player FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes

This table presents the results of panel regressions of player returns on a
number of characteristics and attention-grabbing attributes. “dGT” rep-
resents changes in the Google Trends index for a given player; “TOTW”
is a dummy that takes on value one when a player is selected in the EA
team of the week; “Goals” represents the cumulative number of goals a
player has scored in real life up to period under consideration. All mod-
els contain both player and period fixed effects. Standard errors are
clustered at both the player and the time level. Statistical significance
at the 10%, 5%, and 1% level is denoted as *, ** and ***, respectively,
with t-statistics in parentheses.
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terms between these variables, for example because a striker that plays for a top club is
likely to attract more attention than a striker that plays for a mid-table club, other things
being equal. Since these are time-invariant player characteristics, we do not include player
fixed-effects in this analysis.

The results are in Table 9. In column (1), we find that players active in a top league have
on average a significant 1.5% higher valuation level than players active in other leagues. In
column (2), players from top teams exhibit on average a 1.4% higher valuation than other
players. In column (3), the average valuation of strikers is an insignificant 0.4% lower than
that of non-strikers. These findings become slightly stronger when including all variables in
the model simultaneously, in column (4).

In column (5), we study the interaction effects between these attributes. First, the direct
effect of being a striker becomes positive, although still insignificant. Furthermore, we find
that all interactions are important. A player active in both a top league and a top club
exhibits an additional increase in valuation of 0.9%. The positive striker effect decreases for
strikers in top leagues (-1%). The same holds for a striker from a top club (-2%). Hence,
only strikers in lesser-known teams enjoy a valuation premium. Finally, the triple interaction
of being a striker from a top club in a top league leads to a valuation increase of 2.0%. The
total effect of being a striker for a top club in a top league is an overvaluation of 4.5%.
Non-strikers in top clubs in top leagues exhibit an average overvaluation of 4.9%.%!

Overall, attention-grabbing attributes significantly affect player prices. Whereas the
direction of causality in financial assets can be unclear, in this case the attributes under
consideration are purely exogenous to rational price formation. Thus, we can be reasonably

certain that it is the attention for players that increases prices.

5.5. Return properties

Returns on financial assets exhibit a number of stylized properties, such as skewness and
kurtosis, as discussed in Section 4, but also volatility clustering (Engle, 1982). In this

section, we take a closer look at the statistical properties of returns in the FUT market.

31Note that Striker or interactions including Striker are not always significant stand-alone. An F-test shows
that combined, however, including the Striker dummy including its interactions adds to the explanatory
power of the model.
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Figure 2: Autocorrelation

Returns ____ Squared returns

This figure shows the average autocorrelation in player returns and
squared returns for the first 10 daily lags.

In Figure 2, we display the average autocorrelation in returns and squared returns over
the 1,994 players in our sample for the first ten lags. The pattern is similar to that from
equity markets: slightly negative at short lags, and quite random afterwards. The absolute
magnitude of these correlations, however, is somewhat larger than their equity counterparts.
The peak on day seven is particularly interesting, and could be an indication of day-of-the-
week effects.

The autocorrelation pattern in squared returns is also comparable to that from equities, as
it exhibits a long memory process. There is a very gradual decay in average autocorrelations.
The difference with respect to equity returns is that the correlations appear to be somewhat
lower on average for the shorter lags.

For a more formal analysis, we estimate the following time-series model for each player

in our sample:

Rett =c+ EdlDl + eiXLt—l + &

2 _ 2 2
oi = w+ ag; + Boy,

(6)

where D; is a day-of-the-week dummy for day i, where we pick Saturday as our reference

category; X;, is a vector of control variables that include market beta, log book-to-market,
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log size (price), past returns, log volume, and changes in sentiment. We estimate Equation
(6) for each individual player in our sample, then calculate the average of the estimated
coefficients and assess their cross-sectional significance.

The results are in Table 10. We find a number of interesting patterns. In this pure
time-series setting, the effect of market beta on returns is positive and significant also un-
conditionally. On the other hand, all the other signs are as expected. In addition, there are
strong day-of-the-week effects. Returns on Monday are especially low, and equal to -17.3%
relative to Saturday.®> Tuesday and Wednesday returns are higher, with 0.6% and 0.5%,
respectively, relative to Saturday. The high returns for Saturday, Tuesday, and Wednesday
are explained by the fact that real-life European soccer matches typically take place on these
days, which might capture an attention effect as the players in our sample are active in real
life on these days.?*

In column (1), we estimate a GARC H(1, 1) model. Interestingly, the returns to players in
FUT display GARCH effects, or volatility clustering, similar to equity returns. Specifically, «
and [ are positive and highly significant, with 5 > «, even though the absolute magnitude of
both coefficients is slightly lower than their equity counterparts. In column (2), we estimate
a GJR-GARCH model (Glosten et al., 1993b), i.e., an asymmetric volatility model. As in
equity returns, here we also observe an asymmetry between positive and negative returns, as
indicated by the significant 7 coefficient. However, we find that positive returns add more to
volatility than negative returns, which is the opposite of the leverage effect in equity markets.
This might be caused by the absence of short selling in FUT, causing downturns to be more

damped than upturns.

6. Conclusion

In this paper, we propose a novel approach to the joint-hypothesis problem. We analyze the
price formation process from a large virtual market for soccer players in the online video game

FIFA 19, which shows many similarities in structure and demographics to real-life financial

32The Monday effect is a widely documented feature in asset returns (see, e.g., French (1980) and Keim
and Stambaugh (1984)).
33League matches take place on the weekend, and Champions League games on Tuesdays and Wednesdays.
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Table 10: Return dynamics

GARCH GJR-GARCH

Beta(-1) 0.002*** 0.002***
(5.880) (6.240)

log(BM(-1))  0.462*** 0.435***
(17.453) (22.918)

log(P(-1)) -0.202%** -0.203***
(-40.320) (-50.473)

Ret(-1) 0.058*** 0.066***
(16.497) (22.095)

log(Vol(-1))  -0.003*** 0.026***
(-0.611) (7.382)

dSENT(-1)  -0.100*** -0.105***
(-5.781) (-7.405)

Sunday -0.018*** -0.013***
(-13.397) (-13.214)

Monday -0.193*** -0.153***
(-48.221) (-51.868)

Tuesday 0.042*** 0.036***
(25.403) (29.479)

Wednesday  -0.012*** -0.005%**
(-7.653) (-4.590)

Thursday -0.158*** -0.130%**
(-60.867) (-63.536)

Friday -0.008*** -0.006***
(-3.884) (-4.667)

w 0.007*** 0.007***
(34.704) (38.998)

o 0.265*** 0.459***
(49.502) (24.535)

~y -0.275%**
(-11.436)

B 0.559*** 0.582***
(72.082) (94.062)

This table reports the estimation results of Equation (6). The coef-
ficients are first estimated for each player individually, and then ag-
gregated across players. Statistical significance at the 10%, 5%, and
1% level is denoted as ** and *** respectively, with cross-sectional
t-statistics in parentheses.
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markets. One remarkable feature of this market is that fundamentals are predetermined
and publicly known, which allows us to directly assess the impact of investor behavior on
price formation independently of economic fundamentals. To the best of our knowledge, this
paper is the first to study the price dynamics of a video game’s in-play market.

We find that a number of factors that are known to price returns, such as size and book-
to-market, represent mispricing rather than risk in this context. Also, investor sentiment
and attention have an independent and substantial impact on asset prices. The results
suggest that prices in real-life financial markets include a substantial behavioral component,
which is likely underestimated in canonical asset pricing tests. Specifically, we estimate that
mispricing may constitute anywhere from one-fifth to one-half of the spreads observed in

equity markets.
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Appendix A

The first two moments of the distribution of final wealth are:

E(i;) = (1 4+ Tyop; + Trag;) wo;, (A1)

var(y;) = (Uﬁa%{j + O’%Oé%j) ng, (A.2)

where o;; is the ratio between demand for asset ¢, a;;, and current wealth wg;. Note that
the covariance between the two assets is zero (i.e., oy, = 0). The two first-order conditions

yield:

ry = ’YjU?{C%ijoj‘, (A.3)

FL = ’)/jO'iOéijoj. (A4)
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Solving out, the optimal investments are:

Ty s

ap;Wo; = — 5 = aHj, (A5)
i9H
L .

ArjWoj = —5 = Arjs (A-6)
9L

which implies the same portfolio formation (z’fj) for all investors.
Lj

To derive equilibrium returns, take the first-order condition and sum up across all in-

vestors:
M M
_ _ 2 *
E TiTH = O0p E Apjs (A-7)
j=1 j=1
M M
2 *
g T =07 E ay;, (A.8)
j=1 j=1

where 7; = vi represents investor j’s risk tolerance.
J

We can divide by all investors (M), and apply the equilibrium conditions aj;; = au,

* — .,

TMFH = O'?{aH, (Ag)

TMTL = 07ar, (A.10)

where 7, is the average level of risk tolerance. Rearranging, we obtain:

7= g2 (A.11)
™

7= g2 (A.12)
™
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Now, define market returns as:

g = iy + 2l (A.13)
apr anr

where ap; = ag + az. Note that the covariance between the returns on asset ¢ and market

returns is:
- . a
cov(Fy, Tar) = opar = —- 0%, (A.14)
Qg
- . ag,
cov(Fr, Ty) = opm = _—U%, (A.15)
Qapr
Then we can rewrite returns as:
a
Pl = — 0 (A.16)
T™
Ty = a_MULM- (A17)
T™m

But then the relation must hold also for the market portfolio:

M 2 (A.18)

—%
T™M ’

which implies:

ayr Ty
e . A19

Using this result, we can finally rewrite returns as:

_ ) _

’T‘}k;l = O0OHM ]2V[ = BHT}k\47 (AZO)
OM

_ T3 _

T, =o0Lum ];[ = By (A.21)
OM
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which represents the security market line. Note that betas are just a function of volatility:

o 52,
Bu = 5 :M e (A.22)
apg ar,
(3) oh+ () ot
2L 52
B, = an _ (A.23)
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