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ABSTRACT
This paper studies the impact of professional sports games on
the franchise’s local stock market returns. A multi-step pro-
cedure designed to mitigate the volatility clustering and cross
sectional correlation is used to estimate the effect of sports
sentiment. The fixed effect panel data model is employed to
explore whether the sports sentiment will affect the stock mar-
ket returns. Our results show that the loss of sports game has
negative impact on the stock market, e.g., a loss in the NFL
playoff game is associated with next-day abnormal stock re-
turn of negative 52 basis points. The loss effect is consistent
with the popularity of the games and the local characteristics
amplifies the loss effect.

Index Terms— Investor sentiment, Sports, Stock market,
Behavior finance

1 INTRODUCTION
Behavior finance studies the cognitive psychological mo-

tivations that provide explanations for why people make irra-
tional financial decisions such as noise trading and asset price
bubbles. This paper focuses on the United States professional
sports’ impact on stock market through mood variables. The
research is motivated by the strong impact of modern-day
professional sports on economy and society. In the litera-
ture, Wann et al. [1] argue that spectator’s emotion and self-
esteem are affected by the game outcome. Ashton et al. [2]
study the relationship between the performance of the Eng-
land football team and subsequent daily changes in the FTSE
100 index. Edmans et al. [3] study the effects of the World
Cup soccer games on the national team’s domestic stock mar-
ket. [4], [5], [6], [7], [8] also study the sports sentiment and
stock returns. Mixed results have been found in the afore-
mentioned papers. Utilizing on the strong local fan base char-
acteristics and the popularity heterogeneity between the four
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major sports in the US, our study is able to further explore the
sports sentiment on financial market.

Evidence from neuroscience indicates that emotions play
an important role in economic decision making due to the
working mechanism of human brain. According to Schwarz
[9], people tend to make decisions that are in conformity with
their emotion states, even if the decision does not correlate
with the factors that change the mood. In professional sports,
game outcome is very difficult to predict. Fans have increased
negative emotions following a loss of supported teams which
could affect their daily life beyond sports. On the other hand,
winning could bring optimism mood to fans. Because of the
local bias that individuals tend to buy shares which they are
more familiar with, it is hypothesized that the more direct
and stronger the influence of sports on local fans’ mood, the
greater impact it would have on local stock market returns.

2 DATA
We have both data for sports game outcomes and team

fan base’s localized rate of returns in daily frequency. The
sports data include all the playoff games’ results (playoffs are
more influential, as discussed in Chen and Fan [10]) of four
major sports leagues in terms of fan interests in the US: the
National Football League (NFL), National Basketball Asso-
ciation (NBA), Major League Baseball (MLB), and National
Hockey League (NHL). The fan base city/area of each team
of four leagues is also collected to construct the local stock
market index. The sports data comes mainly from the official
team website and accountable sports records websites 1.

We then get the daily local rate of returns for every fan
base city by constructing portfolios of US stocks whose head-
quarter is in the team’s fan base location. Specifically, they
are calculated as below:

Iit = wj
itr

j
it

where Iit represent the local return of fan base city i in time t.
rjit represent return of specific equity j located in fan base city

1We get all the sports results data from https://www.sports-reference.com/
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i in time t, wj
it is the market capitalization weight, computed

as the ratio of equity j’s share to sum of stock shares in city i.
Time t is the first trading day after the game.

Stock data sources are mainly Thomson Reuters Datas-
tream and Yahoo! Finance website is used as a supplement2.
Notice we include data of stocks that has been suspended or
delisted to address survival bias concerns.

Our sample includes 48 cities with major sports teams in
the United States during 1973 to 2015. There are a total of
2,411 stocks associated with the these 48 cities, accounting
for about one quarter of the total number of stocks in the
United States. Many are located in Atlanta, San Francisco,
Houston, Dallas, San Diego and Salt Lake City.

3 SPORTS AND STOCK RETURNS

3.1 Basic Model
To study the influence of sports sentiment on the stock

market and exclude other effects, we propose the following
benchmark model:

Iit = β0 + βwWit + βlLit + β′1X + uit (1)

where Iit is the local rate of return calculated in Section
2, X is a vector of other control variables which we elaborate
later. βw, βw are the parameters of interests. Wit and Lit are
dummy variables which are defined as follows:

Wit =

{
1 wins for city i in time t,
0 no wins for city i in time t.

Lit =

{
1 losses for city i in time t,
0 no loss for city i in time t.

Define Wit = 0, Lit = 0 for non-game days; Wit = 1,
Lit = 0 represents winning days, and Wit = 0, Lit = 1
represents losing days. uit represents the random disturbance
with mean 0 and is possibly heteroskedastic and cross sec-
tionally correlated. Specifically, X control for (1) autocorre-
lation: we include lagged left hand side variable as control
variables; (2) market trend: rm,t−1, rmt, rm,t+1. We also
include Fama-French three or five factors (Fama and French
[11]) for robustness check3. (3) Monday effect: Denote Dt =
{D1t, D2t, D3t, D4t} as a vector of weekday dummy (Friday
excluded for perfect collinearity), e.g., if t day is Monday,
then D1t is 1, otherwise it is 0. (4) festival effect: Denote
Qt = {Q1t, Q2t, Q3t, Q4t, Q5t} as the vector of dummy vari-
ables, if the ith day before t is the non-weekend holiday, then
Qit is 1, otherwise it is 0, for i = 1, . . . , 5.

2We use this data source when the stock address and quotation from the
Datastream are missing. The detailed descriptions of data including team
specifics are available upon request to the authors.

3In which case the parameters are different, and we report the main results
for βw and βl in the following Table 1.

Therefore, (1) is now expressed as:

Iit = γ0i + γ1iIi,t−1 + γ2irm,t−1 + γ3irmt

+γ4irm,t−1 + γ5iDt + γ6iQt + εit
(2)

where γ5i, γ6i are the parameter vectors for the weekday
and holiday dummy variables, respectively.

Since financial time series data are prone to volatility clus-
tering, we usually use GARCH(1,1) proposed by Bollerslev
[12] to deal with this problem. The model is expressed as:

εt|Ψt−1 ∼ N(0, ht)

ht = α0 + α1ε
2
t−1 + β1ht−1

where εt is a random variable, ht is the asset’s volatility, Ψt−1
is the information set including all information before time
t − 1, α0 > 0, α1 > 0, β1 ≥ 0. If α1 + β1 < 1, then
GARCH(1,1) process is stationary.

In this case, we apply GARCH(1,1) method to the resid-
uals4 of Equation (2), such that σ2

it = λ0i + λ1iε
2
i,t−1 +

λ2iσ
2
i,t−1, where σ2

it is the local return’s volatility for city
i on day t. After we get the estimate of σ̂2

it, we compute
the GARCH corrected abnormal returns. The normalized
GARCH corrected residuals ε̃it will then be used in the fol-
lowing fixed effect panel regression (3) and (4).

ε̃it = β0 + βwWit + βlLit + uit (3)

uit = µi + vit (4)

To estimate the coefficients of Equation (1), we employ a
multi-step estimation procedure, which is summarized here:

1. For individual city i,

i. Apply OLS to Equation (2)

ii. Residuals from Equation (2) are modified by
GARCH(1, 1) model

iii. Normalize the GARCH(1, 1) corrected residuals
to get “abnormal normalized returns” discussed
in Edmans et al [3]

2. For the panel dataset of all cities with GARCH(1, 1)
corrected abnormal returns and games outcomes in
Equation (3), apply SCC robust estimation to the fixed
effect panel model to get estimator βw and βl.

The fixed effect panel model incorporate the unobservable
factor of every location into “individual fixed effect”, µi, so
that the coefficients of βw and βl shows the impact of winning
and losing games on the stock market returns, compared with
non-game days. If βw and βl are significant, then the signs
show the direction of influence and the absolute value show

4The residuals here contain the information of abnormal returns, includ-
ing the effect caused by sports sentiment, which we estimate their impact in
the following steps.
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the magnitude of impact. If they are not significant, it shows
the specific sports outcome would not affect stock returns.

However, the disturbance term of fixed effect model
is often sequentially dependent, heteroscedastic and cross-
sectionally correlated. In these cases, the parameters of inter-
ests βw and βl estimated according to the above method are
inefficient, albeit consistent. SCC robust estimator proposed
by Driscoll and Kraay [13] can be applied to fixed effect
model (3) and (4) to get consistent covariance matrix and
robust β̂w, β̂l which can improve the finite sample inference
accuracy.

To elaborate, suppose the panel model is:

yit = θ
′
xit + uit, i = 1, ..., N, t = 1, ..., T

Where yit is the dependent variable, xit is the (K + 1) × 1
vector of covariates, the first element is 1 (the intercept), θ is
the parameter vector which is (K + 1)× 1. uit is the random
disturbances allowed to be serially dependent, heteroscedastic
and cross-sectionally dependent. θ is estimated by the OLS
estimator:

θ̂ = (X
′
X)−1(X

′
y)

Driscoll and Kraay [13] propose the covariance estimator in
this form:

V (θ̂) = (X
′
X)−1ŜT (X

′
X)−1

where Ŝt is the same as defined in Newey and West [12]

Ŝt = Ω̂0 +

m(T )∑
j=1

w(j,m)[Ω̂j + Ω̂
′

j ]

where, w(j,m) = 1− j/(m(T ) + 1)

(5)

In (5), the modified Bartlett weight w(j,m) not only
guarantees the semi-positive definite of covariance estimator,
but also smooths the sample autocorrelation coefficients for
lag(j). Ω̂j is (K + 1)× (K + 1) matrix:

Ω̂j =

T∑
t=j+1

ht(θ̂)ht−j(θ̂)
′

where, ht(θ̂) = N(T )−1
N(t)∑
i=1

hit(θ̂)

(6)

Summation of hit(θ̂) is from 1 to N(t) in (6), which means
N is time-variant so that SCC estimator can be used in un-
balanced panel. hit(θ̂) = xitûit = xit(yit − θ

′
xit) when

the panel data model is estimated by pooled OLS. Driscoll
and Kraay [13] show that the SCC robust estimator is con-
sistent and the consistency holds when N approaches infin-
ity. Besides, SCC estimator can be used in cross-section de-
pendence. When using SCC method in fixed effect panel
data model, we first transform the fixed effect model into de-
meaned form ỹit = θ

′
x̃it + ũit, then repeat (5) and (6).

3.2 Empirical Results

Table 1 lists the results of Equations (3) and (4) panel re-
gression estimates with cross sectional correlation and het-
eroscedasticity robust standard errors. We can draw the fol-
lowing conclusions from Table 1: First of all, on the one hand,
regardless of individual sports or their combinations, there
is significant decrease in local market return due to losses,
which is called “loss effect” here. On the other hand, the
effect of victory of the game on stock returns is not signifi-
cant in different situations. Secondly, the loss effect is am-
plified as local characteristics strengthens. The magnitudes
of loss effect decrease are in line with the popularity fades
from NFL, MLB, NBA and NHL. Take NFL as a benchmark,
when it is combined with other games, the loss effect show
the similar pattern: the NFL subsample will lead to market re-
turn reduced by 52-61 basis points; when the sample is com-
bined with MLB or NBA, the loss will result in a stock re-
turn of 41-47 basis points; when all the games are combined,
the loss effect is 0.004. It shows that the loss effect is ro-
bust. NFL, as the most popular sports in America, has the
strongest influence on most local fans’ sentiment, and as a
result it shows the strongest loss effect; NHL, arguably the
less popular league among the four, has the weakest influence
on audience emotions, and our results show that its loss ef-
fect is smallest. Finally, the coefficients of control variables
due to the market returns, three factors and five factors are
different, but the signs and magnitudes show the similar im-
pact, once again proving the robustness of the results. We
check the robustness of the result and find the “loss effect” is
not through the channel of trading volumes. The significance
of the loss effect proves that the sports will certainly affect
the stock market returns by influencing investor sentiment.
The reason why there is no consistent “victory effect” may be
related to Thaler [14] mental accounting, which means that
people feel different about winning and loss. A more speci-
fied study, e.g., the effect of winning super bowls would be
interesting to see in future study.

4 Conclusion

In this study we analyze the impact of local sports team’s
performance on the localized trading behaviors. Using the
four most popular US professional sports and local fan base
stock turns data, the fixed effect panel model is used to ex-
plore whether the sports sentiment will affect the stock mar-
ket returns. The results show that the loss of MLB, NBA,
NFL and NHL will reduce the return of the stock market. We
also find that the magnitude of loss effect is consistent with
the popularity of the games and the effect is amplified as the
local characteristics strengthens.
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Table 1: Panel Regression Robust Estimator

Sports N (games) Mkt vars βw t(βw) βl t(βl)

MLB 258129 Rm 0.0129 1.43 -0.0057 -3.52
(1125) 3 factor 0.0132 1.47 -0.0053 -3.32

5 factor 0.0131 1.47 -0.0054 -3.39
NBA 263730 Rm 0.0050 3.98 -0.0045 -4.91

(4087) 3 factor 0.0050 3.92 -0.0045 -4.93
5 factor 0.0050 3.93 -0.0045 -4.93

NFL 240592 Rm 0.0590 0.94 -0.0052 -2.46
(683) 3 factor 0.0587 0.94 -0.0056 -2.83

5 factor 0.0587 0.94 -0.0061 -3.11
NHL 216355 Rm 0.0057 3.52 -0.0036 -3.78

(3232) 3 factor 0.0058 3.57 -0.0035 -3.72
5 factor 0.0058 3.57 -0.0034 -3.70

MLB+NBA 363962 Rm 0.0067 3.11 -0.0047 -5.94
(5212) 3 factor 0.0067 3.12 -0.0047 -5.89

5 factor 0.0067 3.13 -0.0046 -5.86
MLB+NFL 338710 Rm 0.0296 1.44 -0.0042 -3.83

(1808) 3 factor 0.0297 1.44 -0.0041 -3.78
5 factor 0.0297 1.44 -0.0040 -3.70

MLB+NHL 342868 Rm 0.0075 2.91 -0.0041 -5.00
(4357) 3 factor 0.0054 5.36 -0.0039 -5.91

5 factor 0.0077 2.97 -0.0039 -4.83
NBA+NFL 375693 Rm 0.0122 1.69 -0.0040 -5.09

(4770) 3 factor 0.0121 1.68 -0.0040 -5.16
5 factor 0.0121 1.69 -0.0040 -5.14

NBA+NHL 357965 Rm 0.0054 5.37 -0.0040 -5.96
(7319) 3 factor 0.0054 5.36 -0.0039 -5.91

5 factor 0.0077 2.97 -0.0039 -4.83
NFL+NHL 365981 Rm 0.0144 1.60 -0.0031 -4.01

(3915) 3 factor 0.0144 1.60 -0.0031 -4.00
5 factor 0.0144 1.61 -0.0030 -3.97

MLB+NBA+NFL 404155 Rm 0.0123 2.03 -0.0043 -6.10
(5895) 3 factor 0.0130 1.67 -0.0032 -4.75

5 factor 0.0123 2.03 -0.0042 -6.05
MLB+NBA+NHL 427210 Rm 0.0064 4.34 -0.0042 -6.78

(8444) 3 factor 0.0065 4.37 -0.0041 -6.68
5 factor 0.0065 4.37 -0.0041 -6.63

MLB+NFL+NHL 395387 Rm 0.0141 1.94 -0.0037 -5.19
(5040) 3 factor 0.0141 1.95 -0.0036 -5.11

5 factor 0.0142 1.95 -0.0035 -5.05
NBA+NFL+NHL 431386 Rm 0.0098 2.22 -0.0037 -6.11

(8002) 3 factor 0.0097 2.21 -0.0037 -6.10
5 factor 0.0098 2.21 -0.0037 -6.06

MLB+NBA+NFL+NHL 450052 Rm 0.0102 2.53 -0.0039 -6.87
(9127) 3 factor 0.0102 2.53 -0.0039 -6.87

5 factor 0.0140 1.57 -0.0040 -3.40
Notes: N is the total sample size, the number of games are in the parenthesis, Mkt vars are the market variables described in
equation (2), coefficients and t-stats that are significant at 5% are shown in bold font.
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