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1 INTRODUCTION 

This paper studies the empirical association between early signs of daily spending and 

aggregate market return. Specifically, we question the conjecture that daily consumption carries 

public information and has a role in market return predictability. Our primary motivation is to 

demonstrate the role of daily consumption for the stock market.  

Macroeconomic variables that might carry consumption information are often observed at 

a quarterly or monthly frequency. For instance, the U.S. Bureau of Economic Analysis releases 

monthly information about personal income and outlays (U.S. Bureau of Economic Analysis, 

2020). A daily measure of consumption may offer more timely information to market agents. 

Our paper tests the following two connected hypotheses. First, daily consumption is a 

macroeconomic indicator that carries valuable public information. Second, if a market agent can 

observe a macroeconomic indicator at a higher frequency, we expect to observe a price reaction 

following the release of this more timely information.  

We propose a novel consumption variable, daily theatrical box office earnings (box office 

earnings, hereafter) in the U.S. to investigate its role in aggregate return predictability. A 

consumption variable must satisfy three key characteristics to imply early signs of spending in 

the economy and to rationalize studying its link with stock returns. First, the given variable must 

capture the spending element in a substantial and unambiguous way. Second, the variable must 

impact a large proportion of the population, so that it is likely to affect enough investors and is 

powerful enough to show up in asset prices. Third, the effect must be positively correlated across 

the majority of individuals in the economy. We believe that box office earnings satisfy these 

three criteria.  
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In the first part of our study, we validate box office earnings as a measure of 

consumption. We predict and find box office earnings to be significantly associated with three 

conventional consumption measures: (i) total personal consumption expenditures, (ii) real 

disposable personal income, and (iii) the producer price index by the luxury hotel industry.  

In the second part of our study, we test the role of box office earnings in market return 

predictability at a daily frequency. We acknowledge that daily box office earnings carry time 

trends and seasonality, which might bias our results. To remove trends and seasonality in daily 

box office earnings, we employ the Hodrick-Prescott (HP) (1997) filter as a detrending method 

and extract the cyclical component of daily box office earnings. Next, we employ the standard 

predictive regression model of regressing future daily excess stock market returns on the cyclical 

component of box office earnings based on the data available from January 1, 1997, to December 

31, 2019. We find that our measures predict future aggregate stock market returns significantly 

and positively for up to six days using the CRSP value-weighted market excess return, and for up 

to five days using the excess S&P 500 market return. Our results demonstrate that box office 

earnings have strong return predictability on the aggregate stock market at a daily frequency.  

Next, we examine whether our results hold after controlling for macroeconomic variables 

(i.e., the aggregate trading volume, crude oil prices, the TED spread, the default spread). We 

reject the hypothesis that the box office effect is driven by economic factors such as increased 

productivity. We also report that the predictive power of box office earnings is not confined to 

bad and good times alone. Finally, we present our results using two sub-samples: the prior to 

2008 and post-2008 periods. We still find evidence that the cyclical component of box office 

earnings strongly predicts aggregate market returns for up to four days. We continue to find 

weak evidence of predictability for up to five days, and beyond that the predictability disappears. 
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We show that our results hold when we use different measures of the aggregate market return 

and different detrending methods and conduct bootstrapped regressions. Our paper provides 

consistent evidence that information on daily consumption, proxied by the cyclical component of 

box office earnings, affects stock market returns.  

From the perspective of fully rational investors, our evidence may represent a profitable 

market timing strategy arbitrage that they could potentially exploit. Accordingly, we construct a 

trading strategy using changes in the box office earnings that yields non-trivial excess returns 

with little risk. 

We interpret our findings as the evidence of early signs of spending having value-

relevant information at a daily frequency. There is a delay in incorporating this public 

information. However, once the information is discovered, we observe an upward price pressure 

persistent up to a five-day horizon. Once the public information is fully incorporated, the 

predictability should disappear. Our findings support this notion by showing that predictability 

disappears beyond day six. A plausible reason for the delayed response could be that keeping 

track of daily consumption may require extra effort and attention.  The distinction between 

information dissemination and information processing may explain our study’s findings. It is 

plausible that market agents need a few days to act on public information due to their limited 

attention.  

Further, we note that our evidence of return predictability is persistent. The persistent 

evidence of return predictability supports the argument that there is a reaction to the release of 

new and timelier public information. While we do not examine any behavioral biases, our results 

are consistent with the assumption that investors underreact to public news (Daniel, Hirshleifer, 

& Subrahmanyam, 1998).  
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Our main contribution is to study a variable, box office earnings, that has particularly 

attractive properties as a measure of daily consumption. It is a measure that produces substantial 

and correlated consumption trends in a large proportion of a country’s population, and the 

information is publicly available and relatively easy to collect. There is extensive literature 

interested in the role of consumption in stock return predictability. Prior studies mostly use either 

quarterly or yearly measures of consumption. There are few studies using monthly measures, 

which are derived from quarterly data. Our study is the first to suggest a daily measure of 

spending. It is hard to imagine other daily regular spending measures that are relatively costless 

for researchers to collect and yet capture spending in a large proportion of a country’s 

population. These characteristics provide strong a priori motivation for using box office earnings 

to capture consumption among investors. This is a key strength of our study, since such a 

measure of consumption mitigates concerns about data mining. 

The rest of the paper is organized as follows. First, we discuss the related literature. Then, 

we discuss the tests to validate the choice of box office earnings as a measure of consumption. 

Subsequently, we describe the data and key measures. Section 5 describes the methodology for 

operationalizing the association between box office earnings and stock returns and presents our 

results. We outline the economic importance of our results and their implications for trading, and 

present robustness tests. Finally, Section 6 concludes with suggestions for future research. 

2 RELATED LITERATURE 

In this section, we review studies that use various measures of consumption in return 

predictability models.  

Wilcox (1992) and Bell and Wilcox (1993) were among the first to demonstrate that 

consumption measures are not necessarily ideal for empirical work due to “imperfections in the 
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data.” These studies examine the properties of the monthly retail trade survey, which is the most 

important ingredient of nondurable consumption in the National Income and Product Accounts 

(NIPA), sampled quarterly (or monthly). They highlight the sampling error component of the 

measurement error that occurs because consumption estimates are derived from a selected 

sample and not from the total population.  

Savov (2011) discusses that the NIPA expenditure series is problematic for asset pricing 

because the series is the product of interpolation. Interpolation tends to reduce both volatility and 

stock market correlation, which will make stocks appear less risky. Similarly, Kroencke (2017) 

shows that NIPA consumption measures underperform in empirical models because they are 

subject to filtering to mitigate measurement error and obtain optimal estimates of the 

consumption level. Kroencke (2017) finds that unfiltered NIPA consumption works well in 

explaining the average return of the market portfolio and the cross-section of stock returns with a 

relatively low coefficient of relative risk aversion. 

Aside from the potential measurement errors, another potential concern is the time 

frequency used to produce the consumption measures. Consumption data is, in most cases, 

quarterly, with only a few exceptions where the data is offered monthly. At least two different 

measures of consumption are discussed in the literature. The first is the National Income and 

Product Accounts, produced by the Bureau of Economic Analysis of the Department of 

Commerce. The data reports important information about the GDP and its major components. 

Following the double-entry accounting system, the data summarizes national income on the debit 

side and national production on the credit side. These accounts are one of the main sources of 

data on general economic activity in the United States and form the cornerstone of consumption 

variables. Some of the components of the National Income and Product Accounts are updated 
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monthly, but the overall report is produced on a quarterly basis. A second popular measure is the 

garbage data that was first used by Savov (2011) and recently by Kroencke (2017). While 

garbage data is not subject to filtering issues mentioned above, the downside is that the garbage 

data is reported annually.  

There are some studies taking advantage of higher frequency data in the context of stock 

market. For instance, Ghysels, Santa-Clara and Valkanov (2005) focus on the trade-off between 

conditional variance and conditional mean of the stock market return. They find a positive and 

significant relation between risk and return. They use a mixed data sampling and exploit the 

advantages of high-frequency (i.e. monthly and daily) data in their estimation. More recently, 

Han and Li (2021) show that aggregate implied volatility spread contains substantial information 

regarding macroeconomic variables. Their paper uses daily data to extract information from 

option prices and to predict stock market returns and real economic activity, whereas most of the 

existing literature relies on lower frequency data.  

To the best of our knowledge, there is no study exploiting consumption data produced on 

a more frequent basis than monthly in a stock market context. A measure that captures 

consumption more frequently will be timelier and more relevant to decision-makers in the 

financial markets. We propose daily theatrical box office earnings as a measure of daily 

consumption, and empirically examine its relevance and reliability for the financial market by 

studying its link with stock market prices. The next section discusses our choice of measure and 

its validity against various consumption measures.  

3 DAILY CONSUMPTION 

Our objective is to use a measure that captures the degree of daily consumption in the 

overall population and our paper suggests using theatrical box office earnings as a proxy. 
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Theatrical box office earnings indicate the amount of money raised by ticket sales (revenue) at 

movie theaters. Additional sources of revenue from movies, such as home entertainment sales 

and rentals, television rights, product placement fees, etc., are not included.  

Our primary data source for box office information is the website of Box Office Mojo.1 

Box Office Mojo is an online box office reporting service, owned and operated by The Internet 

Movie Database (IMDb).2 Box Office Mojo publishes several sections reporting box office 

receipts by time period, including daily, weekend, weekly, monthly, quarterly, seasonal, yearly, 

and all time. It also carries information about movie release schedules, movie theaters, and 

production timelines. Using Box Office Mojo, we collect daily box office earnings for the 

sample period between 1997 and 2019. 

Table I reports the summary statistics of our daily box office earnings from 1997 and 

2019 for every day, weekends, and weekdays. Between 1997 and 2019, tracking a total number 

of 8,400 days, we report that on average, the ten highest-grossing movies and the highest-earning 

movie earn approximately $21 and $8 million, respectively. During the weekend, on average, the 

ten highest-grossing movies and highest-earning movie earn approximately $35 and $13 million, 

respectively. That is more than double the weekday averages.  

[Insert Table I here] 

Our tests of whether box office earnings are a valid predictor of stock returns rely on the 

assumption that box office earnings are a valid proxy for consumption. From a conceptual 

perspective, going to movie theaters is a recreational activity that can be defined as a non-

essential activity. For instance, in 2017, the average movie ticket price was about $8.84 while the 

average IMAX 3D ticket price was about $20. For a family of four, the cost of going to a movie 

 
1 http://www.boxofficemojo.com/ 
2 http://www.imdb.com/ 
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theater would range from $35 to $80. If a household needs money, it is counter-intuitive to spend 

this money on movies. Box office earnings are likely to indicate early signs of spending. 

Further, it is important that a proxy for consumption can be attributed to a large 

proportion of the population. When it can, we can assume that the proxy will likely capture the 

consumption effect for a broad cross-section of investors. According to the 2016 theatrical 

market statistics from the Motion Picture Association of America (MPAA), more than two-thirds 

(71%) of the U.S. population (~323 million people)3 went to the cinema at least once in 2016. Of 

the movie audience, 13% was aged between 2 and 11, 8% was aged between 12 and 17, 10% 

was aged between 18 and 24, 34% was aged between 25 and 49, and 35% was aged over 50 (The 

Motion Picture Association of America, 2016). The demographics data of the MPAA suggest 

that movie theaters attract most of the U.S. population and approximately 81% of ticket buyers 

are legally adults. 

3.1. Box Office Earnings and Consumption Variables 

While we believe that box office earnings have an empirical appeal as a consumption 

measure, we present multivariate analysis to support our assertion. 

The theoretical channel through which box office earnings affect market returns is based 

on the relative likelihood that it relates to participating agents’ consumption utilities. While we 

collect box office earnings at a daily frequency, most conventional consumption measures (e.g., 

real disposable personal income) are reported at a monthly frequency. Therefore, we collapse 

box office earnings into monthly frequency by calculating the total for each month. We take the 

natural logarithm of the box office earnings of the ten highest-grossing movies, ALL_BOXm, and 

the natural logarithm of the highest-grossing movie, LIMITED_BOXm, where m represents the 

month.  

 
3 https://data.worldbank.org/indicator/SP.POP.TOTL?locations=US 
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Next, we obtain information on the total personal consumption expenditures and collect 

data on real disposable personal income and producer price index by hotels from the Federal 

Reserve Bank of St. Louis. Specifically, our analysis includes (i) the natural logarithm of total 

personal consumption expenditures, PCE, (ii) the natural logarithm of real disposable personal 

income, RDPI, and (iii) the natural logarithm of Producer Price Index by Industry: Hotels and 

Motels, Except Casino Hotels: Luxury and Resort Hotels Guestroom Rental, PPI_HOTELS. We 

collect these variables for each month between 1997 and 2019. Table II reports descriptive 

statistics of the variables used.4 

[Insert Table II here] 

To formally illustrate the correlation between box office earnings and consumption 

variables, we estimate the following standardized OLS regression: 

𝐶𝑂𝑁𝑆𝑈𝑀𝑃𝑇𝐼𝑂𝑁𝑚 =∝ +𝛿𝐵𝑂𝑋𝑚 + 휀     (1) 

We estimate three different models, where in each the dependent variable is one of the 

following three consumption variables: PCE, RDPI, and PPI_HOTELS, as defined previously. 

𝐵𝑂𝑋𝑚 is either ALL_BOX or LIMITED_BOX in month m, as defined previously.  

Panels A and B of Table III present estimates of several variations of Equation (1) using 

ALL_BOX and LIMITED_BOX as the primary interest variable, respectively. We use PCE, 

RDPI, and PPI_HOTELS as dependent variables and present our results in Models 1 to 3, 

respectively. We report the t-statistics based on Newey and West’s (1987) standard errors, which 

are robust to heteroskedasticity and autocorrelation up to seven lags. We report that both 

measures of box office earnings are positively associated with PCE, RDPI and PPI_HOTELS. 

 
4 We use log transformation to stabilize the variance of consumption series with non-constant variance and 
transform nonstationary series into stationary series. In untabulated analysis, we reject the null of nonstationary 
using the Phillips-Perron test. 
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All coefficients are significant at the 1% level. This supports our intuition that box office 

earnings represent consumption.  

[Insert Table III here] 

If our intuition that aggregate box office earnings capture consumption was unsupported, 

we would not be able to document any formal association between box office earnings and 

commonly used consumption variables. Our results in Table III provide evidence that there is a 

positive association between box office earnings and consumption variables such as real 

disposable income and personal consumption expenditures. We note that our objective is not to 

claim causality between box office earnings and consumption variables, but simply to illustrate a 

significant association between these variables thereby supporting our use of box office earnings 

as a consumption proxy.  

4 DAILY VARIABLES  

4.1. Cyclical Component of Box Office Earnings 

In this study, our primary interest variables are two measures of box office earnings: (i) 

the natural logarithm of the box office earnings of the ten highest-grossing movies, ALL_BOXd, 

and (ii) the natural logarithm of the highest-grossing movie, LIMITED_BOXd, where d represents 

the day. These measures are similar to the monthly measures we used in Section 3, with the 

exception that the remainder of our study is conducted at a daily frequency. To illustrate our 

measures, we plot them for 2018 in Figure 1. Both measures depict seasonality trends within the 

year.  

[Insert Figure 1 here] 

To address the concerns that seasonality in our measures may create, we use the Hodrick-

Prescott (1997) filter (HP filter, hereafter) as a detrending method and extract the cyclical 
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components of both measures. The HP filter is a technique commonly used with macroeconomic 

series that have a trend (long-term movements), business cycle, and irregular parts (short-term 

fluctuations). It constructs the trend component by solving an optimization problem. It aims to 

form the smoothest trend estimate that minimizes the squared distances to the original series.  

The choice of detrending method affects the computation of business cycles. Ideally, we 

would pick a business cycle filter that has the minimum distortionary effect. However, Pedersen 

(2001) discuss that an ideal business cycle filter in the time domain with only a finite number of 

observations is not possible. Therefore, all filters are bound to be distorting. Pedersen (2001) 

argues that the HP filter is adequate if the cyclical component of seasonally adjusted time-series 

is defined as cycles with durations of less than 32 quarters. Further, Hecq and Voisin (2021) also 

support the use of the HP filter in cases where the fluctuations in fundamental values are 

unknown. Given the unique nature of box office earnings, we make no assumptions about its 

fluctuations and use the HP filter. While our paper favors the HP filter, in Section 5.7., we 

conduct a robustness test using the log first differencing for the time-series of box office 

earnings.   

We implement the HP filter in the following manner. We define the box office earnings 

time-series, denoted as x as a log-additive model and divide it into a trend component, denoted as 

𝜏, a cyclical component, denoted as c, and an irregular component, denoted as 𝜖, at day d in the 

following manner: 

𝐴𝐿𝐿_𝐵𝑂𝑋𝑑 𝑜𝑟 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋𝑑 = 𝑥𝑡 = 𝜏𝑡 + 𝑐𝑡 + 𝜖𝑡   (2) 

We estimate the trend and cyclical components with the HP filter using the following 

equations:  

�̂�𝑡 = min ∑ (𝑥𝑡 − �̂�𝑡)2
𝑡 + 𝜆1 ∑ [(𝜏𝑡+1 − 𝜏𝑡) − (𝜏𝑡 − 𝜏𝑡−1)]2

𝑡   (3) 
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�̂�𝑡 = min ∑ (𝑥𝑡 − �̂�𝑡 − 𝑐𝑡)2
𝑡 + 𝜆2 ∑ [(𝑐𝑡+1 − 𝑐𝑡) − (𝑐𝑡 − 𝑐𝑡−1)]2

𝑡   (4) 

We use 1600 as a value for 𝜆1. We subtract �̂�𝑡 from 𝑥𝑡 to get the estimate of 𝑐𝑡 + 𝜖𝑡. We 

finally solve the equation by letting 𝜆2 < 𝜆1, with 𝜆2𝜖[10,40]. 5  

For easy comparison with Figure 1, we plot the cyclical components of our box office 

earnings measures for 2018 in Figure 2. We denote the cyclical components as ALL_BOX_cc and 

LIMITED_BOX_cc.  

[Insert Figure 2 here] 

4.2. Other Variables 

Our study uses two measures of aggregate stock market returns: the return on the 

Standard and Poor’s composite stock price index (SP500) and the return on the Center for 

Research in Security Prices (CRSP) value-weighted index of U.S. stocks listed on the NYSE, 

NASDAQ, and Amex.6 We measure the market excess return as the log return on the SP500 or 

CRSP index minus the log return on a one-month Treasury bill. We download data on returns 

from the Wharton Research Data Services (WRDS) database. 

We also create a variety of business cycle variables. COP is the change in the natural 

logarithm of the West Texas Cushing crude oil price. DEFAULT is the change in the natural 

logarithm of Moody’s BAA corporate bond yield minus the Moody’s AAA corporate bond yield. 

TED is the TED spread, which is the change in the natural logarithm of the difference between 

interest rates on the 3-Month LIBOR based on U.S. dollars and the 3-Month Treasury Bill. 

Finally, we include the change in the natural logarithm of aggregate trading volume (VOL). We 

 
5 Please see (Hodrick & Prescott, 1997) for details. 
6 To ease the comparability across different studies using market returns, we focus on the value-weighted CRPS 
index. Our untabulated tables indicate statistically stronger and qualitatively similar results when we use the 
equally weighted CRSP index.  
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use the website of the Federal Reserve Bank of St. Louis to collect COP, DEFAULT, and TED, 

and the WRDS database to collect trading volume information. 

Table IV reports descriptive statistics for the daily variables used in this paper. We cover 

a total of 5,744 trading days between 1997 and 2019. The average daily SP500 and CRSP excess 

returns are 0.007% and 0.014%, respectively. We report the first-order autocorrelation 

coefficients (ρ(1)) for each variable. We report that ALL_BOX_cc has a mean of -0.009, a 

standard deviation of 0.187, and a first-order autocorrelation of 0.82, and LIMITED_BOX_cc has 

a mean of -0.009, a standard deviation of 0.274, and a first-order autocorrelation of 0.83. In the 

case of an AR(1), the half-life may be computed as ℎ =
ln (1 2⁄ )

ln (𝜌)
. ALL_BOX_cc corresponds to a 

half-life of 3.7 years, while LIMITED_BOX_cc corresponds to a half-life of 3.5 years. For 

comparison, using quarterly data, Lettau and Ludvigson (2014) identify a risk aversion shock 

with a half-life of over four years, and Atanasov, Møller, and Priestley (2020) report a half-life 

of slightly over five years for their quarterly consumption measure. 

[Insert Table IV here] 

5 PREDICTIVE REGRESSION ANALYSIS 

We conjecture that cyclical component of box office earnings contains new public 

information which has implications for the stock market. In this section, we test this hypothesis 

by conducting various predictive analyses.  

5.1. Baseline Regression 

We consider a standard predictive regression model for analyzing aggregate stock return 

predictability: 

 𝑟𝑑,𝑑+ℎ = ∝ +𝛽 𝐵𝑜𝑥_𝑐𝑐𝑑 + 𝑇𝑖𝑚𝑒 𝑇𝑟𝑒𝑛𝑑 + 𝜖𝑑,𝑑+ℎ    (5) 
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where 𝑟𝑑,𝑑+ℎ = 𝑟𝑑 + 𝑟𝑑+1 + ⋯ + 𝑟𝑑+ℎ denotes the log excess market return on the stock market 

during days 𝑑 through 𝑑 + ℎ. The log excess market return is either SP500 or CRSP, as defined 

previously. Box_cc represents the cyclical component of box office earnings, which is either 

LIMITED_BOX_cc or ALL_BOX_cc, as defined in Section 4.  

Table V presents the estimates of Equation (5). In each specification, we use OLS, and 

below each coefficient, we use the Newey and West (1987) heteroskedasticity- and 

autocorrelation-robust t-statistic truncated at lag h. Last, we control for the time trend in our 

specifications by including year, quarter, and month dummies to alleviate any remaining 

concerns about seasonality in our specifications. 

[Insert Table V here] 

We find that the estimated coefficients on ALL_BOX_cc and LIMITED_BOX_cc are 

positive for up to five days for the models which use the SP500 index. We report that the 

coefficients remain positive for up to six days when we use CRSP as the market return. Our 

results remain qualitatively similar whether we use ALL_BOX_cc or LIMITED_BOX_cc. For 

instance, when we use LIMITED_BOX_cc as our primary interest variable, the point estimate of 

β in a two-day horizon on the excess SP500 index is 0.27% (second row, third column in Table 

V). The coefficient estimate is strongly statistically significant and the associated R2 is 2.01%. 

We note that a one-standard-deviation increase in LIMITED_BOX_cc leads to an increase in the 

expected return of about 1.15% at an annual rate.  

Overall, we find evidence that measures of daily consumption (i.e., the cyclical 

component of box office earnings) exert a statistically and economically significant positive 

influence on future returns up to a six-day horizon. We do not find any statistical significance for 
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horizons longer than six days. This is consistent with the market using this new piece of 

information moving up stock prices based on the most recent changes in daily consumption. 

To keep the remainder of our paper concise, we only report results using the log excess 

return on CRSP index as our return variable, and LIMITED_BOX_cc as our primary interest 

variable. Our results remain unchanged when we use the SP500 index and ALL_BOX_cc. 

5.2. Economic Variables 

There is a concern that box office earnings’ return predictability might come from the 

information they provide about economic fundamentals. To alleviate this concern, we further 

investigate the robustness of our findings using macroeconomic variables that proxy for business 

cycle fluctuations. We include the following variables in Equation (5): the change in the natural 

logarithm of the aggregate trading volume (VOL), the change in the natural logarithm of crude 

oil prices (COP), the change in the natural logarithm of the TED spread (TED), and the change 

in the natural logarithm of the default spread (DEFAULT). As a final variable, we include the 

lagged return on the market to control for the serial correlation in daily returns that might 

spuriously affect our results. All variables are defined in Section 4.  

Table VI presents the results for regressing future market excess returns on 

LIMITED_BOX_cc and economic variables. Across the regression specifications reported in 

columns (1) – (10), the coefficients of LIMITED_BOX_cc are positive and economically sizable 

in magnitude for up to four days. These results are in line with the results from Table V. All the 

regression slopes on LIMITED_BOX_cc remain statistically significant at the 5% level up to a 

three-day horizon, when augmented by the economic predictors. The regression slope on 

LIMITED_BOX_cc is significant at a 10% level at the four-day horizon, and our results become 

insignificant beyond that. For the economic variables, some show strong predictive power for the 
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aggregate stock market returns, such as COP. Our results from Table VI suggest that 

LIMITED_BOX_cc provides additional power for forecasting the aggregate stock market, after 

controlling for economic variables.  

[Insert Table VI here] 

5.3. Good-Bad Times 

Some popular predictor variables are able to forecast returns in bad times, as defined by 

recessions, but not in good times; that is, during business cycle expansions (Dangl & Halling, 

2012; Golez & Koudijs, 2018; Rapach, Strauss, & Zhou, 2010). In the context of our findings, a 

concern would be that our variable of interest, LIMITED_BOX_cc is able to forecast returns in 

good times since our results indicate a positive association between our interest variable and 

future market excess returns.  

In this subsection, we assess the return predictability power of LIMITED_BOX_cc for 

different sub-periods of economic state. To examine whether the relation between future returns 

and LIMITED_BOX_cc is present only in good economic times, we estimate a linear two-state 

predictive regression model: 

𝑟𝑑,𝑑+ℎ = ∝ +𝛽𝑏𝑎𝑑𝐼𝑏𝑎𝑑𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋_𝑐𝑐𝑑 + 𝛽𝑔𝑜𝑜𝑑𝐼𝑔𝑜𝑜𝑑𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋_𝑐𝑐𝑑 +

 𝑇𝑖𝑚𝑒 𝑇𝑟𝑒𝑛𝑑 + 𝜖𝑑,𝑑+ℎ         (6) 

where 𝑟𝑑,𝑑+ℎ is the h-days-ahead log excess return on the CRSP index. 𝐼𝑏𝑎𝑑  is a state 

indicator that equals 1 during periods of recession and 0, otherwise. 𝐼𝑔𝑜𝑜𝑑 is a state indicator that 

equals 1 during periods of expansion and 0, otherwise. We collect expansion and recession data 

from the National Bureau of Economic Research (NBER).7 The parameters 𝛽𝑏𝑎𝑑 and 𝛽𝑔𝑜𝑜𝑑 are 

 
7 https://fred.stlouisfed.org/series/USREC 
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the slope coefficients that capture the degree of return predictability in bad states and good states, 

respectively. The rest of the model specification remains similar to Equation (5). 

We present our results in Table VII. We continue to find evidence of predictability in 

both bad and good times. We report that the estimates of 𝛽𝑔𝑜𝑜𝑑 remain significant up to a four-

day horizon, while the estimates of 𝛽𝑏𝑎𝑑 are significant up to a ten-day horizon. However, we 

note that estimates of 𝛽𝑏𝑎𝑑 are insignificant at one- and two-day horizons, even though the 

significance increases for a three-day horizon and beyond. These results indicate that 

incorporation of information is delayed during periods of recession. Taken together, the results in 

Table VII provide consistent evidence that the cyclical component of box office earnings has 

strong predictive ability across states of nature, at least up to a four-day horizon. We 

acknowledge that our results are especially strong for good states. Our findings remain consistent 

with our overall interpretation that daily consumption carries value-relevant public information.  

[Insert Table VII here] 

5.4. Sub-period Results 

Welch and Goyal (2008) show that many business cycle predictor variables have 

performed poorly since the oil price crisis in the mid-1970s. To shed light on this observation, in 

Table VIII, we examine predictability over two sub-samples: 1997 to 2007 and 2008 to 2019, 

using the model specified in Equation (5). The results are comparable to the full-sample results 

in Table V. We also report R2 results that are beyond those reported in Table V.  

[Insert Table VIII here] 

For example, in the sample period between 1997 and 2007, we report that the cyclical 

component of box office earnings (LIMITED_BOX_cc) predicts market excess returns (CRSP) 

for up to three days, while in the post-2008 period, the return predictability exists for up to five 
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days. These results are also in line with the findings we reported for good and bad states in Table 

VII. We conclude that the predictive power of daily consumption, proxied by the cyclical 

component of box office earnings, is not limited to any particular period and is not concentrated 

in sub-samples associated with severe crises. 

5.5. Trading Strategy 

The association between box office earnings and returns suggests that investors who 

follow box office earnings regularly can devise profitable trading strategies based on the daily 

variation in box office earnings. In this section, we demonstrate a basic hypothetical trading 

strategy as a benchmark.  

To remove any look-ahead bias in our trading strategy, we calculate LIMITED_BOX_cc 

on a rolling basis, using the box office earnings data available from the first trading day of 1997 

until (d-7), where d represents a trading day in a given year. To ensure that we have enough 

observations to calculate the cyclical component of box office earnings, we require at least one 

year of box office earnings data. Therefore, our trading strategy runs from 1998 to 2019, and we 

use box office earnings data for 1997 in our calculation of LIMITED_BOX_cc for the remaining 

years included in the trading strategy. For instance, to calculate LIMITED_BOX_cc for 

November 16, 1999, we use box office earnings data available between January 1, 1997 and 

November 9, 1999.  

Our calculations include data up to (d-7) because official numbers of box office earnings 

can take up to three days to be released, so we assume that investors would use last week’s box 

office performance as their basis. This should eliminate the concern about delays in the 

information. Even with the delay in box office earnings release, on day d, investors would have 
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enough information to calculate LIMITED_BOX_ccd-7, as seven days is enough time for this data 

to be released.  

In this trading strategy, if LIMITED_BOX_ccd-7 > 0.2, an investor would go long on a 

CRSP futures contract on day d. If LIMITED_BOX_ccd-7 < − 0.2, an investor would go short on 

a CRSP futures contract on day d.8 We report average daily returns of CRSP on short and long 

days during our sample period in Table IX. The strategy shorts the index 590 times and longs the 

index 540 times in the trading days between 1998 and 2019. The trading strategy has returns of 

0.067% and 0.061% on days on which the hypothetical strategy shorts and longs the index, 

respectively. We report an average return of 0.019% on days when we do not take a position on 

the index. Further, the average Sharpe ratio for the long and short strategies is 0.039 and 0.048, 

respectively. We report an average Sharpe ratio of 0.002 for days when we do not have a 

position on the index. Although this strategy is neither perfectly optimal nor perfectly realistic, it 

represents a useful benchmark for evaluating the potential of box office earnings to predict 

returns.  

[Insert Table IX here] 

5.6. Out-of-Sample Performance  

In this section, we conduct an out-of-sample analysis. We use the sample period between 

1997 and 2007 as the estimation period to determine initial coefficient estimates. We categorize 

the time period between 2008 and 2019 as the forecast period. We evaluate the out-of-sample 

performance of the forecast, using an out-of-sample R2 statistic that can be compared with the 

in-sample R2 statistic (Campbell & Thompson, 2008). This is computed as: 

ROS
2 = 1 −

∑ (rt−r̂t)2T
t=1

∑ (rt−r̅t)2T
t=1

      (7) 

 
8 We achieve qualitatively similar results when we set the benchmark at 10% (-10%) or 15% (-15%) for long (short) 
strategies.  



21 

 

r̂t is the fitted value from a predictive regression estimated through period t-1, and r̅t is 

the historical average return estimated through period t-1. If the out-of-sample R2 is positive, 

then the predictive regression has a lower average mean squared prediction error than the 

historical average return. 

Table X presents our results for up to a five-day horizon. We conduct out-of-sample 

analysis up to a five-day horizon because our main findings did not find any return predictability 

beyond a five-day horizon. The out-of-sample performance of the predictor variables is mixed. 

Our results show negative out-of-sample R2 statistics up to a five-day horizon.  

[Insert Table X here] 

However, when we implement a simple assumption that investors rule out days with 

extreme changes in box office earnings, our out-of-sample predictability improves. We eliminate 

days where the absolute change in box office earnings is greater than 50%. We report positive 

out-of-sample R2 statistics up to a three-day horizon. 

While we report an out-of-sample analysis, we acknowledge that there are some 

limitations of this analysis in the context of box office earnings. First, we note that predictive 

regressions have often performed poorly out-of-sample (Butler, Grullon, & Weston, 2005; Goyal 

& Welch, 2003). For instance, Welch and Goyal (2008) argue that the poor out-of-sample 

performance of predictive regressions is a systemic problem, not confined to any one decade. 

Further, Campbell and Thompson (2008) suggest that researchers use at least 20 years of data to 

obtain initial coefficient estimates for out-of-sample analysis. Their study uses at least 20 years 

of data and still finds “unimpressive” in-sample results and poor out-of-sample performance for 

many of the usual linear regressions. Specifically, they show that only earnings-based valuation 

ratios have a positive out-of-sample R2. The data on box office earnings is relatively young, so 
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our sample is not sufficient to use at least 20 years of data to obtain initial coefficient estimates. 

The difficulty of estimating coefficients in a short sample can be particularly severe.  

5.7. Robustness Tests 

In this section, we discuss four robustness tests and report our results. First, we remove 

the stocks associated with the entertainment industry to see if our interest variable, box office 

earnings, captures any effect beyond the performance of the entertainment industry. Second, we 

drop the HP filter as our detrending method, and instead use log differencing. Third, we 

bootstrap our regression model by using the case-resampling method. Finally, we employ a 

permutation analysis to examine whether our results are due to sample variation.  

Our first robustness test addresses the concern about box office earnings being a proxy 

for the performance of entertainment stocks. If our measure of daily consumption is a 

performance tracker for the entertainment industry and does not actually capture consumption, 

then we expect to find significant results for the entertainment industry but no meaningful results 

when we exclude this industry. Using the entire CRPS universe, we calculate the value-weighted 

aggregate stock returns of the entertainment industry stocks and the remaining stocks. We 

categorize a stock as a member of the entertainment industry if its SIC code is one of the 

following: between 7800 and 7833, 7840, 7841, 7900, 7910, 7911, between 7830 and 7833, 

7840, 7841, 7900. 7910, 7911, between 7920 and 7929, between 7930 and 7933, between 7940 

and 7949, 7980, or between 7990 and 7999. We estimate Equation (5) using the log excess 

market return on entertainment (ENTERT) and remaining stocks (OTHER).  

We report our findings in Table XI. The estimated coefficients on LIMITED_BOX_cc are 

positive for up to five days whether we use ENTER or OTHER as the market return. Given that 

our results hold even when we exclude entertainment industry stocks, our variable is unlikely to 
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only be a performance tracker for the entertainment industry. The results give us confidence to 

conclude that the positive association between LIMITED_BOX_cc and aggregate stock returns is 

not driven by the entertainment industry. 

[Insert Table XI here] 

Second, we drop the HP filter as the detrending method and re-estimate Equation (5) 

using the log first differencing for the time-series of box office earnings. We report our findings 

in Table XII and show that return predictability remains significant up to a four-day horizon even 

when we use log first differencing to detrend box office earnings. These results are consistent 

with our primary findings. 

[Insert Table XII here] 

Third, we perform bootstrap regressions using residual resampling. We calculate the 

fitted values of the log excess return on the CRSP index on the basis of the regression model and 

the original predictors, reported in Table V. Then, we calculate a bootstrapped value by adding 

the fitted value and the random error from normal distribution. We repeat this iteration multiple 

times to have 5,000 bootstrapped values. We formalize this analysis in the following manner: 

𝑌𝑏𝑖
∗ = �̂�𝑖 + 𝐸𝑏𝑖

∗ . 𝑌𝑖
∗ and �̂�𝑖 represent the bootstrapped and fitted values of the log excess return on 

the CRSP index, respectively. 𝐸𝑏𝑖
∗  is the random error from normal distribution and b represents 

the bootstrap resample number.  

Once, we have 5,000 bootstrapped values, we fit the regression model in Equation (5) to 

the bootstrapped values using the old predictors for each bootstrap sample. Finally, we obtain 

bootstrap regression coefficients and calculate confidence intervals and t-statistics for the 

bootstrap regression coefficients. Table XIII reports the mean coefficient estimates, upper and 

lower bounds of confidence intervals, and t-statistics. Our results remain qualitatively similar to 
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our primary findings. Comparing the average bootstrap coefficients with the corresponding 

estimates from Table V suggests that there is little, if any, bias in our original estimates. 

[Insert Table XIII here] 

In our final robustness test, we design a permutation analysis and examine whether our 

results are due to luck caused by the HP filter. We employ residual resampling to reconstruct a 

time-series with similar properties to LIMITED_BOX. We start by employing the following auto-

regressive model: 

𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋𝑑 = ∝ +𝛽 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋𝑑−1 + 휀     (8) 

Using the coefficient estimates of Equation (8), we calculate fitted values of 

LIMITED_BOX, denoted as 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋̂
𝑑. Next, we calculate simulated LIMITED_BOX 

values by adding fitted values and a random error from a normal distribution. Formally, the 

simulated value is presented in the following manner: 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋𝑏𝑑
∗ = 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋̂

𝑑 +

𝐸𝑏𝑖
∗ , 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋̂

𝑑 is the fitted value and 𝐸𝑏𝑑
∗  is the random error from the normal distribution 

and b represents the simulation resample number. We perform this action 5,000 times to create 

5,000 simulation samples.  

Figure 3 reports the histograms of the simulated LIMITED_BOX values. We show the 

mean and standard deviation of the simulated and actual LIMITED_BOX values. In each 

histogram, the red line represents the observed statistic for the actual LIMITED_BOX value, 

while the blue lines represent the confidence intervals at 95%. Overall, we conclude that the 

simulated LIMITED_BOX values are a good representation of the actual LIMITED_BOX values. 

Next, we employ the HP filter to extract cyclical components of simulated LIMITED_BOX 

values, as described in Section 4.1. This leads to 5,000 simulated LIMITED_BOX_cc values. 

Finally, we re-estimate Equation (5) using these simulated values.  
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The null hypothesis H0 is that our primary findings in Table V asserting the observed 

effect β were due to sample variation (luck). Under the assumption that H0 holds, we calculate 

the p-value as the probability of having extreme values of β. Following Davison and Hinkley 

(RW.ERROR - Unable to find reference:doc:61083c798f08759c48621a30), we define p-value as 

r+1

n+1
, where r is the total number of extreme values and n is the total number of iterations ( n = 

5,000). We label a coefficient as extreme if it is greater in magnitude than the originally reported 

coefficients in Table V.  

If we find that our iterations generate far fewer extreme positive values of β compared to 

those observed in the actual data, then we conclude that sampling variation (luck) is not the sole 

source of our results, but rather that genuine return predictability exists. We report the p-values 

in Table XIV. For instance, we find that for a one-day horizon, 122 incidents out of 5,000 

iterations report a coefficient on LIMITED_BOX_cc to be greater than 0.24%. This equals to a p-

value of 0.0246, which allows us to reject the null at 5%. Overall, our results show that we find 

far fewer extreme values up to a six-day horizon, and we reject the null at 5%. For horizons 

longer than six days, the number of extreme values increases. Therefore, we conclude that the 

null hypothesis is not a likely explanation for the observed return predictability up to a six-day 

horizon and that our results are not due to sample variation.   

[Insert Table XIV here] 

6 CONCLUDING REMARKS 

The last decade has brought forth an outpouring of research examining stock return 

predictability. In this study, we develop an empirical framework to explore the interactions 

between daily consumption and stock returns. We show consistent evidence of a positive 



26 

 

association between the cyclical component of box office earnings and aggregate market returns 

using high-frequency data.  

We construct a straightforward measure of daily consumption using theatrical box office 

earnings in the U.S. The tests in Section 3 imply that box office earnings are positively correlated 

with commonly known measures of consumption spending. Next, we demonstrate the 

association between box office earnings and daily stock returns. The main results reported in 

Table V document that box office earnings create an upward pressure on stock prices for up to 

five days. We conduct additional analyses to show that our results hold even when we analyze 

good-bad states separately, split our sample into sub-periods, control for various macroeconomic 

variables in predictive models, exclude the entertainment industry from our market return 

calculations, subject our results to bootstrap and permutation procedures, and use different 

detrending methods. Last, it is possible to construct hypothetical trading strategies using the 

cyclical component of box office earnings that yield non-trivial excess returns with little risk. We 

should note that this study does not preclude the existence of alternative consumption-based 

trading strategies, other than the ones we examined, yielding abnormal returns. 

Future research may focus on expanding our understanding as to why it takes, on 

average, five days for the market to incorporate the consumption information. A number of 

different explanations might potentially give rise to the empirical findings. In different contexts, 

past research has offered explanations ranging from inappropriate risk adjustment to financial 

market irrationality to explain apparently anomalous empirical findings. We note that our 

findings may have implications for consumption-based research using less-frequent data. It 

remains an open question whether daily consumption is averaged out at less-frequent time 

intervals and therefore loses its relevance.  
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APPENDIX A. VARIABLE DEFINITIONS. 

[1] ALL_BOX is the natural logarithm of the box office earnings of the ten highest-grossing 

movies.  

[2] LIMITED_BOX is the natural logarithm of the highest-grossing movie 

[3] PCE is the natural logarithm of total personal consumption expenditures  

[4] RDPI is the natural logarithm of real disposable personal income  

[5] PPI_HOTELS is the natural logarithm of the Producer Price Index by Industry: Hotels and 

Motels, Except Casino Hotels: Luxury and Resort Hotels Guestroom Rental 

[6] ALL_BOX_cc is the cyclical component of ALL_BOX, calculated using the Hodrick-

Prescott (1997) filter as a detrending method  

[7] LIMITED_BOX_cc is the cyclical component of LIMITED_BOX, calculated using the 

Hodrick-Prescott (1997) filter as a detrending method 

[8] CRSP is the daily market excess return, calculated as the log return on the Center for 

Research in Security Prices (CRSP) value-weighted index with dividends minus the log 

return on a one-month Treasury bill 

[9] SP500 is the daily market excess return, calculated as the log return on the Standard and 

Poor’s composite stock price index minus the log return on a one-month Treasury bill 

[10] COP is the change in the natural logarithm of the West Texas Cushing crude oil price 

[11] DEFAULT is the change in the natural logarithm of Moody’s BAA corporate bond yield 

minus Moody’s AAA corporate bond yield 

[12] TED is the TED spread, which is the change in the natural logarithm of the difference 

between the interest rates on the 3-Month LIBOR based on U.S. dollars and the 3-Month 

Treasury Bill 

[13] VOL is the change in the natural logarithm of aggregate trading volume  
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FIGURE 1. BOX OFFICE EARNINGS IN 2018 

This figure depicts the movement of daily box office earnings for 2018. Figure 1.A. presents the movements in ALL_BOX, while Figure 1.B. 

presents the movements in LIMITED_BOX. Please see Appendix A for variable definitions. 

Figure 1.A. 
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Figure 1.B. 
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FIGURE 2. CYCLICAL COMPONENTS OF BOX OFFICE EARNINGS IN 2018 

This figure depicts the movement of cyclical components of daily box office earnings for 2018. The cyclical components were calculated using the 

Hodrick-Prescott (1997) filter, described in Section 4. Figure 2.A. presents the movements in ALL_BOX_cc, while Figure 2.B. presents the 

movements in LIMITED_BOX_cc. Please see Appendix A for variable definitions. 

Figure 2.A. 

.  
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Figure 2.B. 
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FIGURE 3. HISTOGRAMS OF SIMULATED LIMITED_BOX. 

We predict the following auto-regressive regression to reconstruct a time-series with similar properties to LIMITED_BOX: 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋𝑑 =

 ∝ +𝛽 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋𝑑−1 + 휀. We calculate simulated values: 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋𝑏𝑑
∗ = 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋̂

𝑑 + 𝐸𝑏𝑖
∗ , 𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋̂

𝑑 is the fitted value 

and 𝐸𝑏𝑑
∗  is the random error from normal distribution. We perform this action 5,000 times to create 5,000 simulation samples. This figure depicts 

the mean and standard deviation of simulated and actual LIMITED_BOX values and confidence intervals. In each histogram, the red line 

represents the observed statistic for the actual LIMITED_BOX value, while the blue lines represent the confidence intervals at 95%. 
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TABLE I. DESCRIPTIVE STATISTICS – BOX OFFICE EARNINGS.  

The sample period runs from 1997 to 2019. The table reports descriptive statistics of daily theatrical box 

office earnings in dollar ($) amounts, for all days, weekdays and weekends, respectively.  

 

    
From 1997 to 2019 - All days 

Variable N Mean Q1 Median Q3 STD 

10 highest-grossing 

movies ($) 
8,400 

$21,275,386.7 $6,594,350.0 $15,170,743.5 $32,575,738.0 $18,439,453.2 

Highest-grossing 

movie ($) 
$8,027,261.3 $1,973,326.5 $4,959,129.5 $10,207,143.5 $9,735,744.8 

              

    
From 1997 to 2019 - Weekdays 

Variable N Mean Q1 Median Q3 STD 

10 highest-grossing 

movies ($) 
6,000 

$15,785,282.6 $5,703,401.5 $9,910,883.0 $20,849,064.5 $15,527,577.0 

Highest-grossing 

movie ($) 
$6,084,187.1 $1,540,464.5 $3,317,118.0 $7,239,790.0 $8,706,441.2 

              

    
From 1997 to 2019 - Weekends 

Variable N Mean Q1 Median Q3 STD 

10 highest-grossing 

movies ($) 
2,400 

$35,000,646.9 $22,445,487.0 $34,707,141.0 $46,989,740.0 $17,990,015.8 

Highest-grossing 

movie ($) 
$12,884,946.7 $6,077,824.5 $9,898,621.0 $16,527,636.0 $10,451,933.0 
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TABLE II. DESCRIPTIVE STATISTICS – MONTHLY VARIABLES. 

The sample period runs from 1997 to 2019. This table reports descriptive statistics of monthly variables used in the Section 3. Please see Appendix 

A for variable definitions.  

 

From to 1997 to 2019  

N = 276 

Variable Mean Q1 Median Q3 STD 

LIMITED_BOXm 19.1270 18.7108 19.1240 19.6081 0.6503 

ALL_BOXm 20.1225 19.9529 20.3108 20.5545 0.6918 

PCE 9.1481 8.9115 9.1937 9.3654 0.2771 

RDPI 10.5349 10.4601 10.5442 10.6014 0.1051 

PPI_HOTELS 5.1874 5.0060 5.2322 5.3359 0.2038 
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TABLE III. BOX OFFICE EARNINGS AND CONSUMPTION VARIABLES. 

This table reports the time-series regression results of the consumption measures as a function of monthly box office earnings. We use 

𝑃𝐶𝐸𝑚, 𝑅𝐷𝑃𝐼𝑚 𝑎𝑛𝑑 𝑃𝑃𝐼_𝐻𝑂𝑇𝐸𝐿𝑆𝑚 as consumption measures. The models in Panels A and B use ALL_BOXm and LIMITED_BOXm as box office 

earnings measures, respectively. Each model reports t-statistics based on Newey and West’s (1987) standard errors, which are robust to 

heteroskedasticity and autocorrelation up to seven lags. ***, **, * denote statistical significance at 1%, 5% and 10%, respectively. The sample 

period runs from 1997 to 2019. Please see Appendix A for variable definitions.  

  

Panel A: ALL_BOXm as a predictor of consumption variables         

  
Model (1) 

Dep = PCE 

Model (2) 

Dep = RDPI 

Model (3) 

Dep = PPI_HOTELS 

Variable Estimate t-Value Estimate t-Value Estimate t-Value 

Intercept 3.56     7.49 *** 8.41    40.95 *** 1.33     3.54 *** 

ALL_BOXm 0.28    11.48 *** 0.11    10.12 *** 0.19    10.04 *** 

# of Obs 274 274 274 

Adj R-Square 48.12% 48.18% 42.38% 

              

Panel B: LIMITED_BOXm as a predictor of consumption variables         

  
Model (1) 

Dep = PCE 

Model (2) 

Dep = RDPI 

Model (3) 

Dep = PPI_HOTELS 

Variable Estimate t-Value Estimate t-Value Estimate t-Value 

Intercept 4.28     8.02 *** 8.68    39.21 *** 1.82     4.37 *** 

LIMITED_BOXm 0.25     9.12 *** 0.10     8.36 *** 0.18     8.08 *** 

# of Obs 274 274 274 

Adj R-Square 35.61% 35.97% 31.50% 
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TABLE IV. DESCRIPTIVE STATISTICS - DAILY VARIABLES. 

The sample period runs from 1997 to 2019. This table reports descriptive statistics and first-order 

autocorrelation coefficients for the daily variables used in Section 5. Please see Appendix A for variable 

definitions.  

 

    

  

From to 1997 to 2019  

N = 5,744 
  

Variable Mean Q1 Median Q3 STD ρ(1) 

SP500 0.007% -0.510% 0.047% 0.575% 1.183% -0.0659 

CRSP 0.014% -0.484% 0.063% 0.582% 1.180% -0.0355 

LIMITED_BOX_cc -0.009 -0.180 -0.023 0.137 0.274 0.831 

ALL_BOX_cc -0.009 -0.105 -0.019 0.074 0.187 0.822 

COP 0.009% -1.216% 0.071% 1.276% 2.352% -0.0375 

DEFAULT 0.001% -0.514% 0.000% 0.512% 0.927% -0.0511 

TED 0.041% -0.823% 0.000% 0.837% 2.377% 0.0058 

VOL 0.000% -8.000% 0.000% 8.000% 17.000% -0.2125 
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TABLE V. BASELINE REGRESSION.  

This table reports the time-series regression results of the cumulative aggregate excess market returns on the cyclical component of box office 

earnings: Equation (5) 𝑟𝑑,𝑑+ℎ = ∝ +𝛽 𝐵𝑜𝑥_𝑐𝑐𝑑 + 𝑇𝑖𝑚𝑒 𝑇𝑟𝑒𝑛𝑑 + 𝜖𝑑,𝑑+ℎ. The market excess return is calculated as the log return on the SP500 or 

CRSP index minus the log return on a one-month Treasury bill. The primary interest variable is the cyclical component of box office earnings, 

which is either ALL_BOX_cc or LIMITED_BOX_cc. Each row represents the number of days over which the returns are cumulated. Each model 

reports t-statistics based on Newey and West’s (1987) standard errors, which are robust to heteroskedasticity and autocorrelation truncated at lag h. 

The time trend includes year, quarter, and month dummies. ***, **, * denote statistical significance at 1%, 5% and 10%, respectively. The sample 

period runs from 1997 to 2019. Please see Appendix A for variable definitions. 

Continued on the following page. 
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Excess Market Return: SP500  

Primary Interest Variable: LIMITED_BOX_cc 
      

Excess Market Return: CRSP  

Primary Interest Variable: LIMITED_BOX_cc 
    

Horizon 

(days) 
α  t-stat β  t-stat R2    

Horizon 

(days) 
α  t-stat β  t-stat R2  

H = 1 0.31%     1.80 * 0.22%     3.04 *** 1.42%   1 0.34%     1.93 * 0.24%     3.22 *** 1.40% 

2 0.59%     3.05 *** 0.27%     3.03 *** 2.01%   2 0.65%     3.24 *** 0.29%     3.30 *** 1.95% 

3 0.66%     3.01 *** 0.30%     2.97 *** 2.43%   3 0.73%     3.14 *** 0.34%     3.34 *** 2.35% 

4 0.66%     2.80 *** 0.26%     2.32 ** 2.87%   4 0.71%     2.85 *** 0.31%     2.76 *** 2.75% 

5 0.81%     3.22 *** 0.22%     1.80 * 3.52%   5 0.89%     3.36 *** 0.28%     2.24 ** 3.35% 

6 1.04%     3.73 *** 0.18%     1.36 4.21%   6 1.14%     3.83 *** 0.25%     1.85 * 4.00% 

7 1.23%     4.64 *** 0.11%     0.84 4.92%   7 1.35%     4.73 *** 0.19%     1.33 4.68% 

8 1.41%     5.02 *** 0.07%     0.47 5.70%   8 1.55%     5.15 *** 0.14%     0.96 5.42% 

9 1.35%     4.63 *** 0.05%     0.35 6.39%   9 1.50%     4.85 *** 0.12%     0.79 6.10% 

H = 10 1.47%     4.87 *** 0.05%     0.34 7.06%   10 1.63%     5.13 *** 0.12%     0.75 6.76% 

                          

Excess Market Return: SP500  

Primary Interest Variable: ALL_BOX_cc 
      

Excess Market Return: CRSP  

Primary Interest Variable: ALL_BOX_cc 
    

Horizon 

(days) 
α  t-stat β  t-stat R2    

Horizon 

(days) 
α  t-stat β  t-stat R2  

1 0.31%     1.81 * 0.26%     2.29 ** 1.37%   1 0.35%     1.95 * 0.30%     2.56 ** 1.36% 

2 0.59%     3.07 *** 0.33%     2.39 ** 1.97%   2 0.65%     3.26 *** 0.38%     2.69 *** 1.91% 

3 0.66%     3.02 *** 0.37%     2.28 ** 2.38%   3 0.73%     3.16 *** 0.43%     2.62 *** 2.31% 

4 0.66%     2.81 *** 0.32%     1.81 * 2.84%   4 0.71%     2.86 *** 0.40%     2.17 ** 2.72% 

5 0.81%     3.25 *** 0.33%     1.76 * 3.52%   5 0.90%     3.38 *** 0.42%     2.12 ** 3.35% 

6 1.05%     3.76 *** 0.31%     1.56 4.22%   6 1.15%     3.86 *** 0.41%     1.98 ** 4.01% 

7 1.24%     4.66 *** 0.23%     1.10 4.93%   7 1.36%     4.76 *** 0.34%     1.56 4.69% 

8 1.42%     5.04 *** 0.19%     0.83 5.71%   8 1.56%     5.18 *** 0.30%     1.30 5.44% 

9 1.36%     4.64 *** 0.14%     0.57 6.40%   9 1.51%     4.86 *** 0.25%     1.02 6.11% 

10 1.47%     4.88 *** 0.10%     0.38 7.06%   10 1.64%     5.14 *** 0.21%     0.80 6.76% 
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TABLE VI. ECONOMIC VARIABLES.  

This table reports the time-series regression results of the cumulative aggregate excess market returns on the cyclical component of box office earnings after 

controlling for macroeconomic variables. The market excess return is calculated as the log return on the CRSP index minus the log return on a one-month 

Treasury bill. The primary interest variable is LIMITED_BOX_cc. Each column represents the number of days over which the returns are cumulated. Each model 

reports t-statistics based on Newey and West’s (1987) standard errors, which are robust to heteroskedasticity and autocorrelation truncated at lag h. The time 

trend includes year, quarter, and month dummies. ***, **, * denote statistical significance at 1%, 5% and 10%, respectively. The sample period runs from 1997 

to 2019. Please see Appendix A for variable definitions.  

Continued on the following page. 
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Excess Market Return: CRSP  

Primary Interest Variable: LIMITED_BOX_cc 
              

Horizon (days) H = 1 2 3 4 5 6 7 8 9 H = 10 

Intercept  0.41% 0.73% 0.77% 0.72% 0.87% 1.10% 1.38% 1.56% 1.54% 1.71% 

      2.12 **     3.64 ***     3.30 ***     3.01 ***     3.38 ***     3.70 ***     4.73 ***     5.01 ***     4.73 ***     5.04 *** 

LIMITED_BOX_cc 0.18% 0.23% 0.27% 0.22% 0.17% 0.14% 0.05% 0.01% 0.00% 0.01% 

      2.26 **     2.37 **     2.41 **     1.78 *     1.27     0.94     0.32     0.05     0.02     0.06 

VOL  -0.46% -0.47% -0.37% -0.46% -0.44% -0.50% -0.69% -0.62% -0.40% -0.36% 

     -2.79 ***    -2.36 **    -1.61    -1.88 *    -1.58    -1.72 *    -2.18 **    -1.88 *    -1.17    -1.00 

COP  9.32% 9.93% 10.76% 10.01% 8.00% 9.34% 8.21% 7.61% 8.83% 8.60% 

      7.33 ***     6.33 ***     6.33 ***     5.34 ***     3.68 ***     4.27 ***     3.38 ***     2.82 ***     3.16 ***     2.78 *** 

TED  -2.80% -1.56% -2.18% -2.97% -3.12% -2.87% -3.19% -4.80% -5.82% -5.77% 

     -2.35 **    -1.01    -1.26    -1.51    -1.46    -1.35    -1.39    -1.98 **    -2.24 **    -2.04 ** 

DEFAULT -3.63% -7.13% -7.28% -7.50% -7.67% -8.69% -5.46% -6.92% -2.86% -1.98% 

     -1.15    -1.85 *    -1.89 *    -1.70 *    -1.55    -1.69 *    -0.96    -1.09    -0.49    -0.31 

Retd-1  -7.91% -7.33% -10.53% -15.11% -15.26% -17.14% -15.23% -14.79% -12.49% -13.11% 

     -2.34 **    -1.76 *    -2.18 **    -2.68 ***    -2.78 ***    -3.07 ***    -2.49 **    -2.31 **    -1.81 *    -1.74 * 

R2  3.91% 3.75% 4.00% 4.30% 4.39% 5.15% 5.62% 6.45% 7.11% 7.74% 
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TABLE VII. GOOD-BAD TIMES.  

This table reports the time-series regression results of the following linear two-state predictive regression model:  
𝑟𝑑,𝑑+ℎ = ∝ +𝛽𝑏𝑎𝑑𝐼𝑏𝑎𝑑𝐿𝐼𝑀𝐼𝑇𝐸𝐷𝐵𝑂𝑋𝑐𝑐𝑑

+ 𝛽𝑔𝑜𝑜𝑑𝐼𝑔𝑜𝑜𝑑𝐿𝐼𝑀𝐼𝑇𝐸𝐷𝐵𝑂𝑋𝑐𝑐𝑑
+  𝑇𝑖𝑚𝑒 𝑇𝑟𝑒𝑛𝑑 + 𝜖𝑑,𝑑+ℎ. The market excess 

return is calculated as the log return on the CRSP index minus the log return on a one-month Treasury bill. The 

primary interest variable is LIMITED_BOX_cc. Each row represents the number of days over which the returns are 

cumulated. Each model reports t-statistics based on Newey and West’s (1987) standard errors, which are robust to 

heteroskedasticity and autocorrelation truncated at lag h. The time trend includes year, quarter, and month dummies. 

***, **, * denote statistical significance at 1%, 5% and 10%, respectively. The sample period runs from 1997 to 

2019. Please see Appendix A for variable definitions. 

 

Excess Market Return: CRSP  

Primary Interest Variable: LIMITED_BOX_cc 
        

Horizon 

(days) 
α  t-stat β  bad  t-stat β  good  t-stat R2  

H = 1 0.34%     1.92 * 0.48% 1.13 0.22%     3.05 *** 1.42% 

2 0.64%     3.22 *** 0.64% 1.27 0.26%     3.07 *** 1.97% 

3 0.72%     3.12 *** 1.10%     1.82 * 0.27%     2.82 *** 2.43% 

4 0.70%     2.84 *** 1.30%     2.00 ** 0.22%     2.06 ** 2.85% 

5 0.89%     3.34 *** 1.48%     2.07 ** 0.17% 1.43 3.49% 

6 1.14%     3.81 *** 1.57%     2.02 ** 0.12% 0.99 4.14% 

7 1.34%     4.68 *** 1.56%     1.92 * 0.06% 0.45 4.82% 

8 1.54%     5.10 *** 1.52%     1.76 * 0.01% 0.08 5.55% 

9 1.50%     4.79 *** 1.54%     1.64 * -0.01% -0.06 6.22% 

H = 10 1.62%     5.05 *** 1.75%     1.76 * -0.03% -0.19 6.91% 
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TABLE VIII. SUB-PERIOD RESULTS.  

This table reports the time-series regression results of the cumulative aggregate excess market returns on the cyclical component of box office earnings using two 

sub-samples: the periods 1997-2007 (Panel A) and 2008-2019 (Panel B). The market excess return is calculated as the log return on the CRSP index minus the 

log return on a one-month Treasury bill. The primary interest variable is LIMITED_BOX_cc. Each row represents the number of days over which the returns are 

cumulated. Each model reports t-statistics based on Newey and West’s (1987) standard errors, which are robust to heteroskedasticity and autocorrelation 

truncated at lag h. The time trend includes year, quarter, and month dummies. ***, **, * denote statistical significance at 1%, 5% and 10%, respectively. Please 

see Appendix A for variable definitions. 

Panel A: Period of 1997 - 2007         Panel B: Period of 2008 - 2019       

Excess Market Return: CRSP  

Primary Interest Variable: LIMITED_BOX_cc 
      

Excess Market Return: CRSP  

Primary Interest Variable: LIMITED_BOX_cc 
    

Horizon 

(days) 
α  t-stat β  t-stat R2    

Horizon 

(days) 
α  t-stat β  t-stat R2  

H = 1 -0.02%    -0.10 0.26%     2.17 ** 2.08%   H = 1 0.35%     1.43 0.23%     2.46 ** 2.11% 

2 0.02%     0.07 0.28%     2.00 ** 2.25%   2 0.75%     2.98 *** 0.31%     2.74 *** 2.90% 

3 -0.14%    -0.42 0.32%     1.93 * 2.70%   3 0.91%     3.05 *** 0.38%     2.89 *** 3.27% 

4 -0.43%    -1.20 0.27%     1.45 3.15%   4 1.00%     3.09 *** 0.37%     2.58 *** 3.85% 

5 -0.33%    -0.94 0.27%     1.37 4.05%   5 1.10%     2.90 *** 0.31%     1.94 * 4.64% 

6 -0.16%    -0.40 0.29%     1.41 4.84%   6 1.27%     2.96 *** 0.24%     1.39 5.41% 

7 -0.15%    -0.39 0.31%     1.43 5.63%   7 1.50%     3.69 *** 0.12%     0.66 6.18% 

8 -0.29%    -0.72 0.32%     1.43 6.43%   8 1.88%     4.41 *** 0.03%     0.17 7.02% 

9 -0.45%    -1.06 0.35%     1.50 7.26%   9 1.79%     4.17 *** -0.02%    -0.11 7.71% 

H = 10 -0.51%    -1.25 0.37%     1.49 8.08%   H = 10 1.93%     4.17 *** -0.03%    -0.14 8.41% 
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TABLE IX. TRADING STRATEGY. 

Panel A reports the univariate results of the trading strategy derived from the box office earnings. The 

trading strategy determines the short-long decision based on a benchmark. If LIMITED_BOX_ccd-7 > 0.2, 

an investor would go long on a CRSP futures contract on day d. If LIMITED_BOX_ccd-7 < − 0.2, an 

investor would go short on a CRSP futures contract on day d. We report average daily returns of CRSP 

(calculated as the log return on the CRSP index) on short, long and no position days. The trading sample 

period runs from 1998 to 2019. Panel B reports the Sharpe ratio for our trading strategy. Please see 

Appendix A for variable definitions. 

 

Panel A. The arithmetic means of the CRSP value-weighted returns on the long and short days 

  Long days Short days No position days 

Year N Mean N Mean N Mean 

All 540 0.061% 590 0.067% 4,360 0.019% 

              

              

Panel B. Sharpe Ratio           

  Long days Short days 
No position 

days 
      

Sharpe Ratio 0.039 0.048 0.002       
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TABLE X. OUT-OF-SAMPLE PERFORMANCE.  

This table reports the out-of-sample performance of the forecast, using an out-of-sample R2 statistic. The 

estimation period runs from 1997 until 2007, while the forecast period runs from 2008 until 2019. Each row 

represents the number of days over which the returns are cumulated. R2 statistic is computed as: ROS
2 = 1 −

∑ (rt−r̂t)2T
t=1

∑ (rt−r̅t)2T
t=1

. r̂t is the fitted value from a predictive regression estimated through period t-1, and r̅t is the historical 

average return estimated through period t-1. The first column includes all available observations in the forecasting 

period, while the second column excludes days where the absolute change in box office earnings is greater than 

50%. 

 

Out-of-sample R2 statistic. 
Estimation Sample: 1997 - 2007 

Forecast period: 2008 - 2019 

  

Unconstrained 
N = 2,998 

Constrained 
N = 1,372 

H = 1 -0.760% 0.663% 

2 -0.558% 0.774% 

3 -0.377% 0.325% 

4 -5.395% -2.056% 

5 -3.597% -1.083% 
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TABLE XI. ENTERTAINMENT INDUSTRY. 

This table reports the time-series regression results of the cumulative aggregate excess market returns on the cyclical component of box office earnings. The 

market excess return is calculated as the log return on the value-weighted aggregate stock returns of the entertainment industry stocks (ENTERT), and for the 

remaining stocks (OTHER) minus the log return on a one-month Treasury bill. A stock is a member of the entertainment industry if its SIC code is one of the 

following: between 7800 and 7833, 7840, 7841, 7900, 7910, 7911, between 7830 and 7833, 7840, 7841, 7900, 7910, 7911, between 7920 and 7929, between 

7930 and 7933, between 7940 and 7949, 7980, or between 7990 and 7999. The primary interest variable is LIMITED_BOX_cc. Each row represents the number 

of days over which the returns are cumulated. Each model reports t-statistics based on Newey and West’s (1987) standard errors, which are robust to 

heteroskedasticity and autocorrelation truncated at lag h. The time trend includes year, quarter, and month dummies. ***, **, * denote statistical significance at 

1%, 5% and 10%, respectively. The sample period runs from 1997 to 2019. Please see Appendix A for variable definitions. 

Panel A: Entertainment Industry         Panel B: All Other       

Excess Market Return: Entert 

Primary Interest Variable: LIMITED_BOX_cc 
      

Excess Market Return: Other 

Primary Interest Variable: LIMITED_BOX_cc 
    

Horizon 

(days) 
α (%) t-stat β (%) t-stat R2 (%)   

Horizon 

(days) 
α (%) t-stat β (%) t-stat R2 (%) 

1 -0.03%    -0.10 0.29%     2.43 ** 1.53%   1 0.33%     1.75 * 0.26%     3.21 *** 1.18% 

2 0.48%     1.53 0.37%     2.62 *** 1.90%   2 0.70%     3.33 *** 0.32%     3.35 *** 1.76% 

3 0.78%     1.89 * 0.48%     2.86 *** 2.23%   3 0.79%     3.32 *** 0.38%     3.42 *** 2.11% 

4 0.85%     1.86 * 0.47%     2.52 ** 2.53%   4 0.79%     3.13 *** 0.34%     2.84 *** 2.46% 

5 0.85%     1.60 0.42%     2.03 ** 3.04%   5 0.99%     3.55 *** 0.29%     2.15 ** 2.93% 

6 1.35%     2.23 ** 0.36%     1.60 3.52%   6 1.25%     3.92 *** 0.23%     1.64 3.42% 

7 1.54%     2.53 ** 0.26%     1.10 4.07%   7 1.48%     4.86 *** 0.15%     1.03 4.01% 

8 1.74%     2.69 *** 0.22%     0.88 4.67%   8 1.70%     5.36 *** 0.10%     0.66 4.62% 

9 1.84%     2.60 *** 0.29%     1.08 5.34%   9 1.66%     5.10 *** 0.09%     0.55 5.15% 

10 1.77%     2.35 ** 0.45%     1.60 5.99%   10 1.81%     5.45 *** 0.11%     0.64 5.65% 
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TABLE XII. LOG FIRST DIFFERENCING OF BOX OFFICE EARNINGS 

This table reports the time-series regression results of the cumulative aggregate excess market returns on 

the cyclical component of box office earnings: Equation (5) 𝑟𝑑,𝑑+ℎ = ∝ +𝛽 ∆𝐿𝐼𝑀𝐼𝑇𝐸𝐷_𝐵𝑂𝑋𝑑 +

𝑇𝑖𝑚𝑒 𝑇𝑟𝑒𝑛𝑑 + 𝜖𝑑,𝑑+ℎ. The market excess return is calculated as the log return on the SP500 or CRSP 

index minus the log return on a one-month Treasury bill. The primary interest variable is the change in 

the natural logarithm of the highest-grossing movie (LIMITED_BOX). Each row represents the number of 

days over which the returns are cumulated. Each model reports t-statistics based on Newey and West’s 

(1987) standard errors, which are robust to heteroskedasticity and autocorrelation truncated at lag h. The 

time trend includes year, quarter, and month dummies. ***, **, * denote statistical significance at 1%, 5% 

and 10%, respectively. The sample period runs from 1997 to 2019. Please see Appendix A for variable 

definitions. 

 

Excess Market Return: CRSP  

Primary Interest Variable: Δ (LIMITED_BOX) 
    

Horizon (days) α  t-stat β  t-stat R2  

H = 1 0.32%     1.82 * 0.07%     2.62 *** 1.35% 

2 0.62%     3.11 *** 0.07%     2.17 ** 1.86% 

3 0.70%     3.02 *** 0.06%     1.82 * 2.23% 

4 0.68%     2.74 *** 0.08%     2.01 ** 2.69% 

5 0.87%     3.25 *** 0.07%     1.57 3.31% 

6 1.12%     3.74 *** 0.05%     1.19 3.96% 

7 1.33%     4.66 *** 0.05%     1.10 4.67% 

8 1.53%     5.09 *** 0.03%     0.58 5.41% 

9 1.49%     4.79 *** 0.02%     0.42 6.09% 

H = 10 1.61%     5.07 *** 0.04%     0.67 6.75% 
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TABLE XIII. BOOTSTRAP PROCEDURE - RESIDUAL RESAMPLING. 

This table reports the results of bootstrap regressions. The bootstrap regressions are operationalized using a residual resampling method and resample the data 

5,000 times to form 5,000 bootstrap samples. The market excess return is calculated as the log return on the CRSP index minus the log return on a one-month 

Treasury bill. The primary interest variable is LIMITED_BOX_cc. Each row represents the number of days over which the returns are cumulated. The table 

reports the mean bootstrap coefficient estimates, upper and lower bounds confidence intervals and t-statistics. ***, **, * denote statistical significance at 1%, 5% 

and 10%, respectively. The sample period runs from 1997 to 2019. Please see Appendix A for variable definitions. 

Excess Market Return: CRSP  

Primary Interest Variable: LIMITED_BOX_cc 
          

Horizon 

(days) 
Mean(α)  

Lower Bound 
Confidence Interval 

(α = 2.5%) 

Upper Bound 
Confidence Interval 

(α = 97.5%) 

Bootstrapped 
t-stat 

Mean(β)  
Lower Bound 

Confidence Interval 
(α = 2.5%) 

Upper Bound 
Confidence Interval 

(α = 97.5%) 

Bootstrapped 
t-stat 

H = 1 0.34% -0.04% 0.73% 1.76 * 0.24% 0.08% 0.40% 3.00 *** 

2 0.65% 0.18% 1.10% 2.76 *** 0.29% 0.11% 0.48% 3.06 *** 

3 0.73% 0.20% 1.25% 2.71 *** 0.34% 0.13% 0.56% 3.12 *** 

4 0.71% 0.11% 1.28% 2.38 ** 0.31% 0.08% 0.56% 2.58 *** 

5 0.90% 0.26% 1.52% 2.80 *** 0.28% 0.02% 0.55% 2.14 ** 

6 1.15% 0.47% 1.82% 3.36 *** 0.25% -0.03% 0.53% 1.77 * 

7 1.35% 0.64% 2.06% 3.74 *** 0.19% -0.11% 0.49% 1.26 

8 1.56% 0.79% 2.28% 4.10 *** 0.14% -0.16% 0.46% 0.89 

9 1.51% 0.73% 2.26% 3.80 *** 0.12% -0.20% 0.44% 0.75 

H = 10 1.64% 0.82% 2.42% 3.95 *** 0.12% -0.22% 0.45% 0.72 
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TABLE XIV. PERMUTATION PROCEDURE. 

We employ residual resampling to reconstruct a time-series with similar properties to LIMITED_BOX. We create 

5,000 simulation samples, which include simulated LIMITED_BOX values. We re-estimate Equation (5) using 

5,000 simulated LIMITED_BOX_cc values. The null hypothesis H0 is that our primary findings in Table V 

asserting the observed effect β were due to sample variation (luck). Under the assumption that H0 holds, we 

calculate p-value as (r+1)/(n+1), where r is the total number of cases where β is greater than the originally reported 

estimate and n is 5,000. ***, **, * denote statistical significance at 1%, 5% and 10%, respectively. 

 

Excess Market Return: CRSP  

Primary Interest Variable: Simulated LIMITED_BOX_cc 

Number of iterations = 5,000 

Horizon (days) 
The total number of 

extreme values 
p 

H = 1 122 0.0246 ** 

2 122 0.0246 ** 

3 67 0.0136 ** 

4 120 0.0242 ** 

5 130 0.0262 ** 

6 98 0.0198 ** 

7 433 0.0868 * 

8 712 0.1426 

9 926 0.1854 

H = 10 1,157 0.2316 

 


