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“Bitcoin's price is supported by the animal spirits of those betting on it, not by economic 

fundamentals. No wonder the market has been chaotic.”  

~ Robert Shiller, New York Times (December 2017) 

1. Introduction 

The dramatic development and the extreme return performance of Bitcoin (see Figure 

1) has captured the attention of not only practitioners but also academics. Studies show that 

Bitcoin and cryptocurrencies have little or no exposure to stock, currency, commodity, or 

macroeconomic factors.1  Perhaps partially for this reason, cryptocurrencies have gained 

widespread interest as investment vehicles. In late 2018, Fidelity Investments—the 

administrator of over $7 trillion in assets—launched custody and execution services for 

cryptocurrencies. It is also reported that university endowments including Yale, Harvard, 

Stanford, and MIT have invested in cryptocurrency funds.2 

While the gains have been impressive, there remains considerable skepticism of Bitcoin 

and cryptocurrencies. The value of virtual currency relies on investors’ faith in the 

underlying technology, blockchain design, and anticipation of widespread adoption (Athey 

et al., 2016; Cong, Li, and Wang, 2018; Huberman, Leshno, and Moallemi, 2019). Currently, 

government and sovereign agencies, including the United States Department of Treasury, the 

European Banking Authority, and Chinese regulators, do not recognize virtual currency as 

legal currency. Detractors claim that Bitcoin and other virtual currencies are in the throes of 

a price bubble or even represent an outright fraud. For instance, Jamie Dimon, CEO of JP 

Morgan, was among the earliest high profile financial leaders to call Bitcoin a fraud, 

                                                           
1 See for example: Briere, Oosterlinck, and Szafarz (2015); Bianchi (2017); Borri (2019); Liu and Tsyvinksi 
(2018). 
2 “Fidelity just made it easier for hedge funds and other pros to invest in cryptocurrencies.” Rooney, K. CNBC 
2018-10-15. 

https://www.cnbc.com/2018/10/15/fidelity-launches-trade-execution-and-custody-for-cryptocurrencies.html
https://www.cnbc.com/2018/10/15/fidelity-launches-trade-execution-and-custody-for-cryptocurrencies.html
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describing bitcoin as “worse than tulip bulbs.”3  At the 2018 Berkshire Hathaway annual 

meeting, Warren Buffett called Bitcoin “Rat poison squared.” In an analysis of the merits of 

Bitcoin, Yermack (2015) writes “…Bitcoin does not behave much like a currency…instead 

Bitcoin resembles a speculative investment similar to the Internet stocks of the late 1990s.” This 

lively debate surrounding the intrinsic value of cryptocurrencies displays many attributes—

such as differences of opinion, volatility, and skewness—that attract speculative trading 

activity (Scheinkman and Xiong, 2003; Barberis and Huang, 2008).  

We assess whether the hype and speculative interest in virtual currencies spreads into 

the stock market. Using daily Bitcoin returns over the 2013-2018 period, we estimate the 

sensitivity of U.S. individual stock returns to Bitcoin returns. For some investors, replicating 

long or short exposure to Bitcoin through stocks is an attractive alternative to trading 

cryptocurrencies. Cryptocurrency trading exchanges are mostly unregulated, opaque, and 

susceptible to fraud, technological risks, and hacking. Moreover, investors may face 

government/institutional regulations or investment barriers to direct ownership of 

cryptocurrencies. In contrast, the U.S. equity market is liquid and easily accessible for most 

investors.4 Skeptics who wish to bet against Bitcoin can gain exposure by holding stocks with 

negative Bitcoin co-movement. Of course, such a position also represents a speculative 

motive for trading. Therefore, we focus on the magnitude of the stock’s Bitcoin sensitivity—

which we call the absolute Bitcoin sensitivity (ABS)—because speculative demand can arise 

for stocks with positive or negative co-movement with Bitcoin. 

                                                           
3 Source: The Financial Times (2017-09-13). 
4 Bitcoin trading costs can be high. For example, the largest Bitcoin exchange Coinbase charges a variable fee of 
1.49% of purchases and sales for amounts over $200 during our sample period. Coinbase has recently launched 
a Pro service that offers low trading costs for advanced traders. 
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Our results suggest that speculative demand for high-ABS stocks creates temporary 

overvaluation and low future returns. We sort stocks into deciles based on absolute Bitcoin 

sensitivity estimated over the prior three-month period, and then construct a zero-cost 

hedge portfolio that longs high-ABS stocks and shorts low-ABS stocks. The long-short ABS 

portfolio produces monthly returns of −1.30% (t-stat = −3.62) for equal-weighted portfolios 

and −0.78% (t-stat = −1.67) for value-weighted portfolios. Monthly Carhart four-factor 

alphas range from −1.47% (t-stat = −4.94) to −1.01% (t-stat = −3.52) for equal- and value-

weighted portfolios, respectively. An important finding is that the negative ABS premium is 

due to the underperformance of high-ABS stocks and not due to the outperformance of low-

ABS stocks. Thus, high-ABS stocks appear to be overpriced. After confining our sample to 

only stocks with significant ABS estimates, the negative ABS premium increase substantially 

to −2.57% (t-stat = −4.92) and −3.11% (t-stat = −4.74) for equal- and value-weighted 

portfolios, respectively.  

Our speculative demand hypothesis has a clear prediction that high-ABS stocks are 

temporarily overvalued but subsequently revert to fundamental value. Consistent with this 

prediction, Figure 2 shows a distinct hump-shaped return pattern around the formation 

period of the long-short ABS portfolio. We interpret this pattern as evidence that the hype 

surrounding Bitcoin spreads into the stock market and creates mini bubble-like 

phenomenon (Scheinkman and Xiong, 2003). Moreover, our evidence is similar to studies 

that link speculative trading across the stock market and government lotteries, but to the 

best of our knowledge, the pricing effects are unique to our setting.5 

                                                           
5 One notable exception is the finding in Asness, Frazzini, Gormsen, and Pedersen (2019) that casino profits are 
associated with the returns to the MAX factor. However, the effect only exists contemporaneously and is not 
predictive. 
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High-ABS stocks exhibit distinctive lottery-like characteristics: small size, low-price, 

high idiosyncratic volatility, high idiosyncratic skewness, and high likelihood of extreme 

daily returns (MAX). They are relative ‘losers’ over the past year, but have relatively high 

returns in the formation month. While these stocks are illiquid, they exhibit high turnover, 

consistent with speculative activity. Studies show that investors may commit errors in 

probability weighting (Barberis and Huang, 2008) for stocks with these types of lottery-like 

characteristics (Bali, Cakici, and Whitelaw, 2011; Boyer, Mitton, and Vorkink, 2010; Conrad, 

Dittmar, and Ghysels, 2013; Han and Kumar, 2013; Eraker and Ready, 2015).  

We address the possibility that our results are a manifestation of the idiosyncratic 

volatility phenomenon (Ang et al., 2006; Hou and Loh, 2016), MAX (Bali et al., 2011), 

expected skewness (Boyer et al., 2010), or liquidity. In bivariate dependent sorts, we 

continue to find a negative ABS premium after first sorting on lottery-like stock 

characteristics and then on ABS. Monthly cross-sectional Fama-MacBeth (1973) regressions 

also produce significantly negative average slopes on ABS ranging from −0.15 (t-stat = −4.53) 

to −0.32 (t-stat = −4.90). Moreover, the long-short ABS portfolio continues to produce 

significant alphas using the following factor models: (1) Fama-French five-factor model, (2) 

Fama-French five-factor plus momentum factor model, (3) Stambaugh and Yuan (2017) 

mispricing (M4) factor model, (4) Betting against Beta (BAB) factor model (Frazzini and 

Pedersen, 2014), (5) Daily max return factor (FMAX) factor model (Bali et al., 2017), and (6) 

three cryptocurrency-based factors. Notably, the BAB and FMAX factors have the greatest 

success, capturing more than 50% of the ABS return phenomenon. This further supports the 
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view that the negative ABS premium is related to speculative preferences.6 This broad range 

of tests provides compelling evidence that we are not simply re-capturing the effects of 

known lottery-like characteristics and suggests that the negative ABS premium is unlikely 

due to risk-based explanations. 

We conjecture that retail investors drive speculative trading in high-ABS stocks 

because the attention-grabbing coverage of cryptocurrencies is likely to attract retail 

investor interest (Barber and Odean, 2008; Tetlock, 2011). Retail investors also prefer to 

trade stocks with lottery-like features (Kumar, 2009; Kumar et al., 2011), which is a 

prevalent characteristic of high ABS stocks. Moreover, retail trading is highly correlated 

(Feng and Seasholes, 2004: Barber et al., 2009) and sufficient to create speculative price 

pressure (Dorn et al., 2008). To measure retail order flow, we identify orders in the TAQ 

database that receive price improvement following Boehmer et al. (2017). Consistent with 

our conjecture, we find that the negative ABS premium exists only among stocks with high 

retail order flow. Similar patterns arise using other proxies of retail trading (i.e., institutional 

ownership and size).  

Additional evidence supports the speculative demand explanation for the negative ABS 

premium. First, we find stronger ABS premiums among the sample of stocks with positive  

(𝛽 
𝐵+) than negative  (𝛽 

𝐵−) Bitcoin sensitivity. This suggests that stocks with 𝛽 
𝐵− attract 

relatively less speculative demand, perhaps due to investor apprehension regarding near-

term bubble-like price appreciation (Abreu and Brunnermeier, 2003). Second, we 

investigate whether an omitted risk factor is behind our findings. Our analysis suggests that 

                                                           
6 See Bali et al. (2017) and Liu, Stambaugh, and Yuan (2018). Asness et al. (2019) show that the BAB factor is 
highly correlated with FMAX and idiosyncratic volatility, but is better explained by leverage constraints rather 
than gambling preferences. 
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this is unlikely because high-ABS stocks consistently suffer significantly negative returns on 

earnings announcement days. Moreover, the inclusion of Bitcoin-based factors increases the 

alpha estimates slightly, suggesting that fundamental valuation of Bitcoin is unlikely to 

explain our findings. Finally, we estimate the returns to a large set of anomalies during our 

sample period (2013-2018). An interesting pattern emerges in the recent sample as the 

anomalies that continue to produce significant returns for both equal- and value-weighted 

portfolios are those related to speculative trading and lottery-like preferences. We perform 

a series of robustness tests and find that our results continue to hold even after controlling 

for these significant anomalies. 

Our study contributes to a burgeoning literature on cryptocurrencies and specifically 

on the links between cryptocurrencies and other assets. 7  Studies have shown that 

cryptocurrencies have little or no exposure to traditional assets classes.8 However, recent 

findings suggest that Bitcoin may have links to currency markets (Yu and Zhang, 2018; 

Makarov and Schoar, 2019). In contrast, by using individual stocks as test assets, our paper 

provides new evidence on a connection between Bitcoin and the stock market. Second, our 

studies also relate to studies on speculative trading across the stock market and other venues, 

such as government lotteries.9 Our evidence also suggests that strong cross-market links in 

speculative trading across Bitcoin and stock market. A limitation of our tests is that we 

cannot distinguish between substitution and complementary trading across venues as we 

                                                           
7 See for example: Harvey (2014, 2016); Yermack (2015); ElBahrawy, Alessandretti, Kandler, Pastor-Satorras, 
and Baronchelli (2017); Biais, Bisiere, Bouvard, Casamatta, and Menkveld (2018); Cong and He (2018); Cong, 
He, and Li (2018); Cong, Li, and Wang (2018); Detzel, Liu, Strauss, Zhou, and Zhu (2018); Foley, Karlsen, and 
Putnins (2018); Jermann (2018); Li, Shin, and Wang (2018); Sockin and Xiong (2018); and Easley, O'Hara, and 
Basu (2019). 
8 See Briere, Oosterlinck, and Szafarz (2015); Bianchi (2017); Borri (2018); Liu and Tsyvinksi (2018). 
9 For example, Barber, Lee, Liu, and Odean (2009); Kumar (2009); Dorn, Dorn, and Sengmueller (2015); Gao 
and Lin (2015). 



7 

lack data on actual investor stock and cryptocurrency holdings. However, our findings are 

unique in identifying robust pricing effects in the stock market that are related to speculative 

interest in Bitcoin. 

Finally, we also contribute to a large literature on the price effects, trading motives, and 

trading habitats of retail investors. The large negative ABS premium, particularly in stocks 

with high retail trading, adds to evidence that retail investors can affect stock prices.10 The 

wide-spread interest and media coverage of cryptocurrencies also relate to findings that 

attention-grabbing events can induce retail trading (Barber and Odean, 2008; Tetlock, 

2011).11 Consistent with preferred trading habitats (Dorn and Huberman, 2010; Han and 

Kumar, 2013), our findings suggest that the hype surrounding Bitcoin creates a new trading 

environment around stocks that co-move with Bitcoin for retail investors.  

2.  Data and Bitcoin sensitivity construction 

We collect data from various sources. Trading data for U.S. common share stocks (with 

share code equals 10 or 11) listed on the NYSE, AMEX, and NASDAQ are obtained from CRSP. 

We follow the literature to exclude financial firms (SIC 6000 to 6999) and utility firms (SIC 

4900 to 4999). Since speculative trading tends to concentrate in small, volatile stocks, we 

keep all but the bottom fifth percentile by market capitalization in each month (Chui, Titman, 

and Wei, 2010).12 We remove these stocks to avoid noise in returns, but for the remaining 

                                                           
10 See Kumar and Lee (2006); Barber et al. (2009); Dorn et al. (2008); Hvidkjaer (2008); Kaniel et al. (2008); 
and Han and Kumar (2013). 
11 Retail investors may also trade for reasons related to overconfidence, entertainment, sensation seeking, and 
other non-pecuniary benefits. See, for example, Shefrin and Statman (2000); Dorn and Sengmueller (2009); 
Grinblatt and Keloharju (2009); and Barberis and Xiong (2012). 
12 Our main findings are similar using the following stock screen methods: (1) using all stocks, (2) excluding 
stocks with price lower than $1 in the previous month, (3) excluding stocks with price lower than $5 in the 
previous month, (4) excluding stocks with market cap below the 20th percentile of NYSE stocks, and (5) using 
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sample, we address this concern in Section 5 using return-weighted adjustment 

(Asparouhova, Bessembinder, and Kalcheva, 2010). We treat delisting returns following 

Shumway (1997). The 30-day U.S. Treasury-bill yield is used as the risk-free rate. 

We collect daily Bitcoin prices from CoinMarketCap.com, which is a widely used 

website that tracks cryptocurrency prices. Bitcoin price data begin on the start date of the 

website, April 28, 2013 (see Figure 1). We ensure that the price data are reliable by 

comparing the price data with other websites (i.e., Coindesk.com). Thus, our baseline sample 

starts from August 2013 and ends in September 2018, which is the most recent update of the 

CRSP database. We calculate daily Bitcoin returns between stock trading days in order to 

align with daily stock returns. For example, we calculate the Bitcoin return on Monday using 

the reported price on Monday and the reported price on the last Friday (if Friday is not a 

holiday). Our main analysis focuses on Bitcoin because it is the most popular cryptocurrency, 

has the longest history, and represents nearly 50% of the total cryptocurrency market 

capitalization. Section 5 shows that our findings are robust to (1) starting the sample from 

July 2010 using price data from Mt. Gox, and (2) estimating sensitivities using the top-ten 

cryptocurrencies. The detailed information and construction of Bitcoin and other 

cryptocurrency data are presented in Appendix 1, Figure A1, and Table A1 in the Online 

Appendix. 

To construct the Bitcoin sensitivity measure, we estimate each firm’s Bitcoin beta (𝛽𝑖,𝑡
𝐵 ) 

using the following regression model:  

                                                           
NYSE stocks only. These stock screening methods do not affect our main findings and the results are available 
upon request.  
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𝑅𝑖,𝑡−𝑘 − 𝑅𝑓,𝑡−𝑘 = 𝛼𝑖,𝑡 +  𝛽𝑖,𝑡

𝐵 𝑅𝑜𝐵𝑡−𝑘 + 𝛽𝑖,𝑡
𝑀𝐾𝑇𝑀𝐾𝑇𝑡−𝑘  + 𝛽𝑖,𝑡

𝑆𝑀𝐵𝑆𝑀𝐵𝑡−𝑘 

+𝛽𝑖,𝑡
𝐻𝑀𝐿𝐻𝑀𝐿𝑡−𝑘 + 𝜀𝑖,𝑡−𝑘, 

(1) 

where 𝑅𝑖,𝑡−𝑘  (𝑅𝑓,𝑡−𝑘) is firm i’s stock daily return (the risk-free rate) in the previous k months; 

𝑅𝑜𝐵𝑡−𝑘 is the daily Bitcoin return over the risk-free rate. 𝑀𝐾𝑇 is the market factor (market 

return over the risk-free rate), 𝑆𝑀𝐵 is the size factor, and 𝐻𝑀𝐿 is the value factor, as defined 

in Fama and French (1993).13  We include the Fama French factors so that 𝛽𝑖,𝑡
𝐵  does not 

capture priced risks that are known to explain future stock returns. Since Bitcoin has a 

relatively short history, we set the estimation period k to three. To ensure reliable estimates, 

we require at least 50 days of trading data in the three-month estimation period. In Section 

5, we show that our results are robust to different estimation horizons (one month, six 

months, and PCA factor) and adjustments for estimation noise and non-synchronous trading 

(Dimson, 1979).14  

𝛽𝑖,𝑡
𝐵  measures the raw sensitivity of firm i’s returns to Bitcoin’s returns. This correlation 

may arise when firms have fundamental links to cryptocurrency or blockchain technology. 

For example, companies with positive Bitcoin sensitivity estimates (𝛽 
𝐵+) may be suppliers, 

developers, or end-users of cryptocurrency and blockchain or those firms on which 

speculative investors bet as potential entrants to blockchain technology in the near future. 

Conversely, negative Bitcoin sensitivity companies (𝛽 
𝐵−) may be under threat of blockchain 

disruption or actively eschew advances in crypto-technology. We argue that the intense 

debate among believers and skeptics may drive speculative trading in both 𝛽 
𝐵+  and 

𝛽 
𝐵−firms. Speculators may use these stocks to gain positive (𝛽 

𝐵+ stocks) or negative (𝛽 
𝐵−) 

                                                           
13 We thank Kenneth French for providing these factors online. 
14 The principal component analysis (PCA) extracts the common component of the three sensitivity measures 
using one-month, three-month, and six-month estimation periods. 
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explosure to Bitcoin.15 We therefore focus on the magnitude of this sensitivity, which we call 

the absolute Bitcoin sensitivity (ABS) measure, by calculating the absolute value of raw 

estimated coefficient (|𝛽𝑖,𝑡
𝐵 |). In later analysis, we analyze 𝛽 

𝐵+ and 𝛽 
𝐵−firms separately. 

We follow the existing literature in calculating firm characteristics that predict future 

stock returns including market capitalization (Market cap), Market beta, book-to-market 

ratio (B/M), asset growth (TAG), operating profitability (OP), past one-year stock return from 

month t−12 to t−2 (MOM), and past month t−1 return reversal (STR). We collect analyst 

coverage (Analyst) data from I/B/E/S and calculate institutional ownership (IO%) from the 

Thomson Reuters 13F database. We also construct the following measures that proxy for 

lottery-like features: idiosyncratic volatility (IVOL) (Ang, Hodrick, Xing, and Zhang, 2006), 

maximum daily return (MAX) (Bali, Cakici, and Whitelaw, 2011), and expected idiosyncratic 

skewness (EIS) (Boyer, Mitton, and Vorkink, 2010). We proxy for market frictions and 

illiquidity using daily Turnover and Amihud illiquidity (ILLIQ). We create a measure of retail 

trading activity (Retail trading) by identifying retail orders in the TAQ database as those 

orders that receive price improvement following Boehmer, Jones, and Zhang (2017).16 We 

winsorize all continuous variables at the 1% and 99% levels to remove the influence of 

outliers. The full details of variable construction are described in Table 1. 

3.  Absolute Bitcoin sensitivity (ABS) and expected stock returns 

                                                           
15 Although skeptical investors can also potentially short 𝛽 

𝐵+stocks to get negative exposure to Bitcoin, it will 
be more difficult and expensive to borrow shares considering the characteristics of stocks with extreme Bitcoin 
sensitivity. 
16 Specifically, we identify retail trades as trades in the TAQ database with code = ”D” and clear at a fraction of 
a penny, but not around the half penny (0.004, 0.005, 0.006). 
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We report our main results in this section. We first analyze the firm characteristics of 

stocks across raw Bitcoin sensitivity sorted portfolios. To analyze the speculative demand 

hypothesis, we use portfolio sorts to test whether high ABS stocks are priced. 

3.1.  Stock characteristics across raw Bitcoin sensitivity sorted portfolios 

To gain a sense of the differences and similarities in firm characteristics of 𝛽 
𝐵+ and 

𝛽 
𝐵− stocks, we examine how firm characteristics vary with the raw Bitcoin sensitivity 

measure. Each month, we sort stocks into 10 sub-groups for each group of 𝛽 
𝐵+  and 

𝛽 
𝐵−stocks, and report the time-series averages of each characteristic in Table 1. 

[Insert Table 1 here] 

The first row shows that the average values of raw Bitcoin sensitivities increase from 

−0.21 in Column (−10) to 0.00 in Column (−1) and then from 0.00 in Column (1) to 0.23 in 

Column (10). The absolute value of the raw measure, absolute Bitcoin sensitivity (ABS), is 

therefore roughly similar for 𝛽 
𝐵+ and 𝛽 

𝐵− stocks. In the extreme portfolios, nearly half of the 

stocks have significant (at the 10% level) Bitcoin sensitivity estimates. Since each ventile has 

roughly the same number of stocks on average (approximately 135), each of our decile ABS 

portfolios contains around 270 stocks. As a preview of our main results, stocks in both 

extreme Bitcoin sensitivity portfolios exhibit negative average unconditional future returns 

(Return t+1).  

Stocks in the extreme Bitcoin sensitivity portfolios have similar stock characteristics. 

They have low market capitalization, relatively low analyst following, and low institutional 

ownership. While they are relative losers over the past year, they experience relatively high 

returns during the formation month. They have high betas, high book-to-market ratios, low 

operating profitability, and exhibit lottery-like features. For instance, there is a strong hump-
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shaped pattern from Column (−10) to Column (10) for stock price level, expected 

idiosyncratic skewness, MAX, and idiosyncratic volatility. The extreme portfolios are illiquid, 

but also exhibit high average monthly turnover and high retail trading activity. 

Overall, 𝛽 
𝐵+ and 𝛽 

𝐵−stocks exhibit similar characteristics. The correlations of ABS with 

stock characteristics in Table 2 confirm this view. The ABS characteristic is highly correlated 

with lottery-type characteristics including idiosyncratic volatility, maximum daily return, 

expected idiosyncratic volatility, price, and size. While our main analysis focuses on the ABS 

measure, our interferences are similar when separately analyzing 𝛽 
𝐵+ and 𝛽 

𝐵−stocks. 

[Insert Table 2 here] 

3.2.  Persistence of the ABS characteristic 

One concern with the ABS estimate is whether it captures random noise rather than an 

underlying relation with Bitcoin or cryptocurrencies. If ABS estimates capture fundamental 

correlation, then the ABS characteristic should be persistent. On the contrary, if ABS 

estimates simply contain random noise, we should expect a random allocation of ABS 

estimates across firms, resulting in lack of persistence. To assess persistence, we track how 

stocks ‘migrate’ across deciles of ABS after portfolio formation (Fama and French, 2007). We 

calculate the average cross-sectional transition matrix from portfolio formation in month t 

to month t+k. The transition vectors are defined as the fraction of firms in a certain portfolio 

in month t that remain in the same portfolio or migrate to other portfolios over the t+k period. 

Table 3 shows that the ABS characteristic is relatively persistent over the one- (Panel 

A), three- (Panel B), and six-month horizons (Panel C). Panel A shows that for stocks in the 

highest ABS decile, nearly 50% remain in the extreme decile in the following month. This 

fraction is substantially higher than the benchmark of 10% if stocks were randomly assigned 
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into decile portfolios; stocks in the middle spectrum of ABS exhibit migration patterns closer 

to this random allocation. For comparison, only 35% of stocks in the highest idiosyncratic 

volatility decile remain in the extreme portfolio in the following month over our sample 

period. Panel C shows that even after six months, more than 20% of stocks in the highest ABS 

decile remain in the extreme portfolio. Overall, the results are consistent with the view that 

ABS likely captures fundamental correlations with Bitcoin returns.  

[Insert Table 3 here] 

3.3.  Absolute Bitcoin sensitivity returns: Portfolio sorts 

We conduct portfolio analysis to test our main hypothesis that speculative demand 

creates temporary mispricing of high-ABS stocks. First, we present results using all stocks 

that have an ABS estimate. To account for estimation noise, we repeat our analysis using only 

stocks with significant ABS estimates. Finally, we examine returns around the portfolio 

formation month to test predictions from the speculative demand hypothesis. 

3.3.1.  Portfolio sorts using all stocks with ABS estimates 

We sort stocks each month into deciles based on ABS and calculate realized returns of 

each portfolio in the following month. Then we calculate the returns to a zero-cost portfolio 

that is the difference in returns between the top and bottom ABS decile portfolios. We report 

the average portfolio excess returns (raw return over the risk-free rate) and alphas based on 

the CAPM, Fama-French three-factor, and Carhart four-factor models using both equal- and 

value-weighted approaches. In later analysis, we estimate alphas using recently proposed 

factor models. We calculate t-statistics based on Newey-West (1987) standard errors with 

up to 12 lags.  
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Consistent with the speculative demand hypothesis, Table 4 shows that high-ABS 

stocks suffer low future returns. The equal-weighted long-short ABS portfolio generates an 

average monthly raw return of −1.30% (t-stat = −3.62) or more than −15% per year. The 

next column reports slightly larger abnormal returns using the CAPM. The three- and four-

factor models produce similar patterns with average monthly alphas of −1.64% (t-stat = 

−4.62) and −1.47% (t-stat = −4.94), respectively. A robust return pattern emerges across 

these specifications. The high-ABS portfolios exhibit significantly negative risk-adjusted 

average return. In contrast, the first eight low-ABS portfolios have insignificant risk-adjusted 

average returns. This suggests that the negative ABS premium is due to the 

underperformance of high-ABS stocks and not due to the out-performance of low-ABS stocks. 

Together, the return patterns are consistent with the view that speculative demand creates 

overvaluation in high-ABS stocks in the portfolio formation month or earlier. 

[Insert Table 4 here] 

Value-weighted portfolios generate similar return patterns as the monthly four-factor 

alpha still exceeds 1% per month (alpha = −1.01%; t-stat = −3.52). It is not surprising that 

the negative ABS premium is smaller in value-weighted portfolios because speculators with 

lottery-like preferences are more likely to prefer smaller stocks. This evidence also provides 

the first clue that the negative ABS premium is different from the idiosyncratic volatility (Ang 

et al., 2006) or MAX (Bali and Cakici, 2008; Bali et al., 2011) effect. This is because for 

idiosyncratic volatility and MAX, the returns are stronger for value-weighted portfolios. In 

later analysis, we replicate these anomalies and show that they continue to generate 

abnormal returns in our recent sample period. 

3.3.2.  Portfolio sorts using only stocks with significant ABS estimates 
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To address the concern of estimation noise in the ABS estimates, we repeat our 

portfolio analysis using only stocks that have estimated betas at the 10% significance level 

or better. We observe significantly larger return patterns using this sample in Panel B of 

Table 4. The long-short portfolio produces a monthly four-factor alpha of −2.57% (t-stat = 

−4.92), which is more than 1% larger than the corresponding four-factor alphas using all 

stocks in Panel A. Interestingly, value-weighting produces even larger negative ABS 

premiums as the four-factor alpha is −3.11% (t-stat = −4.74).  

There are two key takeaways from this analysis. First, the larger negative ABS premium 

using more precise estimates is consistent with estimation noise in the ABS estimates. This 

implies that our main baseline tests are downward biased and understate the true ABS effect. 

Consistent with the persistence analysis, the evidence suggests that the ABS estimates do not 

simply capture random noise. We provide additional tests in Section 5 to further address 

noise issues. 

3.3.3  The time-series hump-shaped return patterns around portfolio formation 

Our speculative demand hypothesis has a clear prediction that high-ABS stocks are 

temporarily over-valued, but subsequently revert to fundamental value. To examine this 

prediction, we calculate the average buy-and-hold returns for the ABS long-short portfolio 

three months before and six months after portfolio formation. Figure 2 shows the predicted 

time-series hump-shaped return pattern around the formation month. The long-short ABS 

portfolio returns steady rise in pre-formation months, peaking in the formation month. This 

is consistent with the high contemporaneous return of high-ABS stocks in Table 1. The 

abnormal returns are significantly negative in each of the six months after portfolio 

formation. This persistence in returns aligns with the persistence in the ABS characteristic 
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seen in Table 3. The value-weighted portfolio (unreported) also produces a hump-shaped 

pattern with significantly positive returns in the pre-formation period and significantly 

negative returns afterwards that persist for the next two months.  

The hump-shaped return pattern provides additional support for the speculative 

demand hypothesis. The evidence is consistent with the interpretation that the hype 

surrounding Bitcoin spreads into the stock market and creates a mini bubble-like 

phenomenon (Scheinkman and Xiong, 2003) among high-ABS stocks. Such return patterns 

may exist because high-ABS stocks have characteristics (e.g., small, illiquid, and low 

institutional ownership) that suggest significant short-sale constraints. The high limits to 

arbitrage are a possible reason we see the persistence in returns of high-ABS stocks over 

many months.  

3.4.  Are the ABS return patterns due to known characteristics? 

Since high-ABS stocks exhibit stock characteristics that resemble lottery-like features, 

it is possible that we simply re-document the lottery-return patterns in the existing literature. 

We carefully explore this issue using (1) double portfolio sorts, (2) monthly cross-sectional 

Fama-MacBeth regressions, and (3) additional factor model tests. 

3.4.1.  Portfolio-level analysis: Dependent double sorts  

We conduct bivariate 10×10 dependent sorts to examine whether the ABS return 

patterns are orthogonal to the return patterns from lottery-like characteristics (e.g., size, 

price, idiosyncratic volatility, MAX, expected idiosyncratic skewness). Specifically, we 

control for the lottery-like characteristics by first sorting stocks into deciles ranked on the 

control variable. Then within each decile group, we further sort stocks into decile portfolios 
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based on ABS. Decile 1 (10) contains stocks with the lowest-ABS (highest-ABS). To conserve 

space, we report the average portfolio returns across the ten control variable deciles to 

produces a set of ABS portfolios with similar levels of the control variable, but different levels 

of ABS. In the bottom two rows, we report the four-factor alpha of the long-short ABS 

portfolio that is the difference between decile 10 and decile 1. Panel A (Panel B) of Table 5 

reports results for equal-weighted (value-weighted) returns. 

[Insert Table 5 here] 

Across all specifications in Panel A of Table 5, the long-short ABS portfolios produce 

significantly negative four-factor alphas. The first five columns show that the monthly four-

factor alphas range from −1.24% (t-stat = −5.16) to −0.82% (t-stat = −5.62) per month. The 

average monthly returns are smaller than the univariate sorts, but the magnitudes are still 

relatively large and imply annualized returns between −9.84% and −14.88%. For example, 

controlling for idiosyncratic volatility shrinks the abnormal return as much as 46%. This 

finding is consistent with the view that high-ABS stocks have a strong speculative demand 

component since the return patterns associated with idiosyncratic volatility are best 

explained by lottery preferences (Hou and Loh, 2016). However, idiosyncratic volatility does 

not fully explain the negative ABS premium as the estimated four-factor alpha remains 

significantly negative (−0.82; t-stat=−5.62). Columns (6) and (7) show that the average 

monthly four-factor alphas are −1.41% (t-stat = −5.65) and −1.26% (t-stat = −5.04) based on 

dependent sorts that first on Turnover and ILLIQ, respectively. Taken together, the results 

suggest that while the negative ABS premium is related to lottery-like characteristics and 

market frictions, these characteristics cannot fully explain the pricing of high-ABS stocks.  
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Using value-weighted portfolios in Panel B, we continue to find four-factor alphas that 

are significant at the 10% level or better. Consistent with the univariate sorts, the return 

patterns are smaller compared to the equal-weighted portfolios. For the value-weighted 

portfolios, illiquidity has the greatest explanatory power for the ABS return patterns. 

In sum, the double sorts provide compelling evidence that lottery characteristics 

cannot fully explain the negative ABS premium. 

3.4.2.  Fama-MacBeth cross-sectional regressions 

The bivariate sorts show strong evidence that individual lottery-like characteristics are 

unlikely to fully explain our findings. However, other characteristics or a combination of 

characteristics may explain the negative ABS premium (Fama and French, 2008). To 

investigate the marginal power of ABS on expected returns, we estimate cross-sectional 

Fama-MacBeth regressions. The baseline regression includes controls for size, book-to-

market, operating profitability, asset growth, momentum, and short-term reversals. We 

estimate both equal-weighted least squares (EWLS) regressions and value-weighted least 

squares (VWLS) regressions. To compare coefficient estimates across different 

specifications, we normalize all variables in each cross-section to have mean zero and 

standard deviation of one. Table 6 reports the time-series averages of the coefficient 

estimates for the 62-month period between August 2013 and September 2018. The t-

statistics are adjusted following Newey and West (1987) with up to 12 lags. 

[Insert Table 6 here] 

Panel A of Table 6 report statistically negative ABS slopes across all specifications at the 

1% significance level using EWLS. The univariate regression in Column (1) produces a 

coefficient estimate of −0.42 (t-stat = −4.24), which corresponds to the average monthly 
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return spread between the top and bottom decile ABS portfolios of greater than 1% per 

month. The economic magnitude of the associated effect is similar to that shown in Table 4 

for the univariate sorts.17 Column (2) includes characteristics known to explain the cross-

section of stock returns: logarithm of market capitalization (Ln(SIZE)), book-to-market ratio 

(B/M), operating profitability (OP), asset growth (TAG), past return from month t-12 to t-2 

(MOM), and past month return (STR). The ABS slope remains highly significantly negative 

(coeff = −0.32; t-stat = −5.17) with the inclusion of these characteristics.  

Columns (3) and (4) show that the ABS slope estimate remains significantly negative 

with the inclusion of lottery-type stock characteristics (i.e., IVOL, MAX, and EIS). The slope 

estimate on ABS also remains highly and statistically significant (coeff = −0.15; t-stat = −4.53) 

after controlling for illiquidity and market frictions in column (5). The loadings on the 

control variables are consistent with the recent literature. McLean and Pontiff (2016) show 

that anomaly returns are significantly attenuated after initial academic publication. For 

example, in our recent sample period, the regression slopes on size, value, asset growth, and 

momentum are insignificant. However, operating profitability (Ball, Gerakos, Linnainmaa, 

and Nikolaev, 2015) remains positively significant at the 1% level and IVOL has a 

significantly negative loading, consistent with original findings in Ang et al. (2006). Measures 

of illiquidity (ILLIQ) and market frictions (Turnover) are significant although short-term 

reversals are not. 

Using VWLS in Panel B, we continue to find negative slopes on ABS that are significant 

at the 10% level. Consistent with results from portfolio sorts, we see weaker effects because 

                                                           
17  The extreme decile ABS cut-off point is about 1.28 standard deviation from the mean. Therefore, the 
corresponding long/short ABS portfolio based on deciles are approximately 2.56 standard deviations apart. 
This translates to roughly -0.42%×2.56 = -1.08%. 
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lottery-type stocks and stocks that attract speculative demand tend to be attributes of small 

stocks. However, the statistical significance in certain specifications suggests that Bitcoin 

sensitivity may have effects among some larger stocks as well. 

Overall, the Fama-MacBeth regressions provide compelling evidence that the ABS effect 

is priced in the cross-section. The negative ABS premium cannot be fully explained by size, 

book-to-market, asset growth, profitability, momentum, short-term reversal, lottery-like 

features, and illiquidity. The evidence continues to support our interpretation that 

speculative interest in Bitcoin spreads into the stock market and creates pricing effects in 

the cross-section of stock returns. 

3.4.3.  Additional factor models 

We investigate whether recent factor models can explain the negative ABS premium 

because it is well-known that the traditional Fama-French three-factor model is unable to 

price small stocks with lottery-type features (Fama and French, 1993). We adjust the long-

short ABS portfolio returns using the following factor models: (1) Fama-French five-factor 

model, (2) Fama-French five-factors with the Carhart momentum factor, (3) Stambaugh and 

Yuan (2017) four mispricing factor model (M4), (4) the Frazzini and Pedersen (2014) 

Betting against Beta (BAB) factor with the four-factor model, and (5) Bali et al. (2017) FMAX 

factor with the four-factor model. The FF five-factor model includes factors for profitability 

(RMW) and investment (CMA). The M4 model includes factors associated with decisions by 

managers (MGMT) and firm performance (PERF) besides the market and size factors. The 
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BAB model develops a factor for the low beta anomaly, and the FMAX factor creates a factor 

for the MAX effect.18 

Table 7 reports factor loadings and alpha estimates for equal- (Panel A) and value-

weighted portfolios (Panel B). The first row of Panel A shows that the long-short ABS 

portfolio has positive market exposure. The factor loadings from the three- (second row) and 

four-factor model (third row) show that high-ABS stocks have positive exposure to SMB, 

negative exposure to HML, and negative exposure to momentum. The five- and six-factor 

models show that high-ABS stocks have negative exposure to profitability. These factor 

loadings imply that high-ABS stocks share positive systematic factors (i.e., growth stocks, 

recent losers, and weakly profitable firms) that are known to have lower future returns. 

Overall, these loadings are consistent with the stock characteristic patterns shown in Table 

1.   

[Insert Table 7 here] 

However, these models are unable to fully explain the negative ABS premium. The long-

short ABS portfolio continues to produce significant alphas of −1.35% (t-stat = −3.92) and 

−1.18% (t-stat = −4.24) from the five- and six-factor models, respectively. Since Fama and 

French (2016) show that the five-factor model captures much of the low returns associated 

with idiosyncratic volatility and high beta, the significant alphas continue to imply that the 

ABS effect is orthogonal to these known effects. 

The bottom three rows show that the long-short ABS portfolio loads significantly on 

the M4, BAB factor, and FMAX factors. Using the M4 model, the long-short ABS portfolio loads 

                                                           
18 We obtain the FF five-factor model from Ken French’s website, the M4 factors from Robert Stambaugh’s 
website, the BAB factor from the AQR website, and the FMAX factor from Turan Bali’s website. We thank the 
researchers for making their factors publically available. 
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positively on both the MGMT and PERF factors, but the alpha estimate remains similar (coeff 

= −1.31%; t-stat = −4.28) to the four-factor model baseline estimates. This evidence suggests 

that the negative ABS premium is unlikely to be explained by the common set of return 

anomalies. The BAB and FMAX models have greater success as the alpha estimates from the 

BAB and FMAX models are −0.78% (t-stat = −2.61) and −0.76% (t-stat = −2.72), respectively. 

This is consistent with existing studies that the negative ABS premium is related to 

speculative demand (Bali et al., 2017; Liu et al., 2018; Asness et al., 2019).19 The estimates 

from value-weighted portfolios in Panel B generate similar factor loadings and produce 

similar inferences. The alpha estimates remain significant at conventional levels, except for 

the M4, BAB factor, and the FMAX factor. The latter models are able to capture much of 

variation in returns from a value-weighted long-short ABS portfolio.  

3.5.  Speculative demand and retail trading  

We conjecture that the speculative trading in high-ABS stocks is due to retail investors 

for the following reasons. First, the attention-grabbing coverage of cryptocurrencies is likely 

to attract the attention of retail investors (Barber and Odean, 2008; Tetlock, 2011). Second, 

retail investors have a tendency to trade stocks with lottery-like features (Kumar, 2009; 

Kumar, Page, and Spalt, 2011; Lin and Liu, 2017), which are prevalent characteristics of high-

ABS stocks. Third, retail trading is highly correlated (Feng and Seasholes, 2004; Barber, 

Odean, and Zhu, 2009) and sufficient to create speculative price pressure (Dorn, Huberman, 

and Sengmueller, 2008).  

                                                           
19 Asness et al. (2019) show that while the FMAX factor is related to lottery-demand, the BAB factor is related 
to lottery-demand only because high Beta stocks have high correlations with lottery-like stocks. However, their 
decomposition shows that leverage constraints better explain the BAB factor.  
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We test this conjecture by creating a measure of retail order flow by identifying retail 

orders in the TAQ database as those orders that receive price improvement following 

Boehmer, Jones, and Zhang (2017). 20  This analysis ends in December 2016 due to data 

limitation in our TAQ database. As additional measures of retail trading, we use institutional 

ownership (Kumar and Lee, 2006) and market capitalization (Kumar, 2009; Kumar, Page, 

and Spalt, 2011). These measures can be used over the full 62-month sample period. 

Consistent with our conjecture, Figure 3 reveals a striking pattern that the low return 

of high-ABS stocks only concentrates in stocks with high retail trading. The figure reports 

results from dependent 5×5 bi-variate sorts that first allocates stocks into quintiles of retail 

trading, and then into quintiles of ABS. The average return for stocks in the extreme 

ABS/retail trading quintile is more than −2.50%. The return exceeds -3.00% when sorting 

based on institutional ownership. 

[Insert Figure 3 here] 

The evidence is similar using Fama-MacBeth cross-sectional analysis. To ease 

interpretation, we create three dummy variables for high retail trading: (1) Retail>Q80% 

equals one when retail order flow is above the top 20%, (2) IO%<Q20% equals one when 

institutional holdings is below the bottom 20%, and (3) Size<Q20% equals one when market 

capitalization is below the bottom 20%. The regression specification includes the baseline 

control variables, but to conserve space we suppress the corresponding dummy variable, 

continuous variable, and all control variables.21  

                                                           
20 Another useful proxy for retail orders is small-trade (trade size below $5,000) in the TAQ database. However, 
we cannot use this approach because in our recent time period, institutional investors submit much smaller 
orders (Hu, Jo, Wang, and Xie, 2018). 
21 The control variables include: the logarithm of market cap (Ln(SIZE)), the logarithm of book-to-market 
equity (Ln(B/M)), annually operating profitability (OP), total asset growth (TAG), momentum (MOM), and 
short term reversal (STR). 
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Table 8 shows that the pricing of high-ABS stocks is largely due to retail demand. The 

EWLS results in Panel A show a significantly negative slope on the interaction term of 

ABS×Retail>Q80%, ABS×IO%<Q20%, or ABS×Size<Q20%. The results from the first three 

columns suggest that the negative ABS premium is much larger in stocks with more retail 

trading, lower institutional ownership, and with smaller market capitalization. Our 

inferences are unchanged using the continuous variable specification in the next three 

columns. Similar patterns emerge using VWLS regressions in Panel B with the exception of 

the continuous variable interacted with size. This is expected given that the regressions are 

weighted by size. Overall, the results suggest that retail demand is likely to drive much of the 

pricing effects of ABS stocks.  

[Insert Table 8 here] 

4.  Additional evidence on speculative demand 

We provide additional evidence in support of the speculative demand hypothesis in this 

section. First, we examine the pricing of positive and negative Bitcoin sensitivity. Second, we 

analyze returns around earnings announcement days. Finally, we compare the profitability 

of the ABS trading strategy with other prominent anomalies during our sample period.   

4.1.  Positive Bitcoin sensitivity versus negative Bitcoin sensitivity 

We investigate the pricing of 𝛽 
𝐵+and 𝛽 

𝐵−stocks separately by splitting all stock into 

positive and negative Bitcoin sensitivity sub-samples each month, and then repeating our 

portfolio sorting analysis. The portfolio sorts in Table A2 in the Online Appendix indicate a 

larger negative premium among 𝛽 
𝐵+stocks compared to 𝛽 

𝐵−stocks based the return spreads 

between the two extreme decile portfolios. Cross-sectional regression tests provide similar 

evidence. For example, EWLS Fama-MacBeth slopes in Panel A of Table A3 in the Online 
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Appendix indicate that the pricing effect of 𝛽 
𝐵+ (coeff = -0.32; t-stat = -4.27) is more than 30% 

larger than that of 𝛽 
𝐵−  (coeff = -0.24; t-stat = -3.28) without controls for lottery-type 

attributes. We also examine the pricing effects of BTC+ and BTC− in a unified sample by 

constructing BTC+ (BTC−), defined as the raw Bitcoin sensitivity estimate if the estimate is 

positive (negative), and zero otherwise. The results remind similar. However, with controls 

for lottery-type attributes, the pricing effects of both BTC+ and BTC – are reduced roughly 

by half. VWLS Fama-MacBeth slopes in Panel B of Table A3 show that the negative ABS 

premium mainly comes from 𝛽 
𝐵+ stocks. A possible interpretation of these findings are that 

there is greater speculative demand on 𝛽 
𝐵+ stocks, compared to 𝛽 

𝐵− stocks. This could occur 

if there is less speculative demand for BTC− stocks and investors are apprehensive of price 

appreciation in the near term (Abreu and Brunnermeier, 2003). For example, Brunnermeier 

and Nagel (2004) find that it was more profitable for hedge funds to ride the NASDAQ bubble 

rather than to bet against it. This interpretation of the BTC+/BTC− return patterns is in-line 

with our message throughout the paper that speculative demand drives overvaluation in 

stocks with exposure to Bitcoin.  

4.2. Addressing omitted risk factors 

This section addresses the possibility that an omitted risk factor—beyond those 

considered in Section 3—explains the negative ABS premium. We use two approaches to 

investigate this concern. First, we examine stock returns around the earnings announcement 

days (Engelberg, McLean, and Pontiff, 2018). Second, we examine whether our results are 

explained by fundamental value of Bitcoin. 

We analyze earnings reactions for high-ABS stocks by closely following the procedure 

in Engelberg, McLean, and Pontiff (2018). If the negative ABS premium is due to mispricing, 
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we expect negative returns at earnings announcement because the release of earnings news 

will correct investors’ misperceptions. On the other hand, if an omitted risk explains the 

negative ABS premium, we would expect no predictable reaction at earnings announcement 

because the risk is likely to be evenly spread over time.  

We create a dummy for the earnings announcement window (EDAY) that equals one in 

the three-day window [-1,0,1] around the announcement day. We then regress the daily 

stock return on ABS, EDAY, and the interaction of ABS × EDAY. The regressions include date 

fixed effects to capture macro-economic shocks and controls for lagged values for each of the 

past ten days’ stock returns, stock returns squared, and trading volume. We also report 

specifications that cluster standard errors by date. 

Table 9 presents the findings. We begin by first estimating the unconditional effect of 

ABS on daily returns. The significantly negative coefficient estimate on ABS suggests that 

high ABS stocks experience low returns, consistent with evidence in the preceding analysis. 

Column (2) shows that the results remain significant after clustering standard errors by date. 

The remaining specifications focus on returns around earnings announcements at the one- 

and three-day windows. Across all remaining specifications, the regressions produce 

significantly negative coefficient estimates on the ABS × EDAY interaction term. For instance, 

in the one-day window, the coefficient on the interaction term is five times larger than the 

coefficient on the Bitcoin sensitivity. This is comparable to findings in Engelberg, McLean, 

and Pontiff (2018) who find that returns are approximately six time larger on earnings days 

for a set of 97 anomalies. It is also worth noting that the coefficient estimates on earnings 

days is generally positive, consistent with prior literature.  

[Insert Table 9 here] 
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Our second test examines whether the fundamental value of Bitcoin can explain the 

negative ABS premium by creating three Bitcoin-related factors. First, we use the monthly 

Bitcoin excess return to provide a market-based valuation metric. Second, we calculate the 

change in Bitcoin transactions on the network. This proxy captures the fundamental usage 

of Bitcoin. Third, we compute the change in the hash rate of the Bitcoin network. The hash 

rate measures the total processing power of the Bitcoin network used to mine Bitcoin. The 

alpha estimates increase slightly with the inclusion of these Bitcoin factors. The evidence 

suggests that fundamental Bitcoin valuation cannot explain the negative ABS premium and 

provides further support to the mispricing interpretation of our findings. The results are 

available in Table A4 in the Online Appendix. 

Taken together, the results suggest that an omitted risk factor is unlikely to explain the 

ABS return patterns. While we cannot definitively rule out a time-varying risk factor that 

coincidently lowers risk around earnings announcement for high-ABS stocks, the results are 

consistent with our preferred interpretation of speculative trading. 

4.3.  Anomaly returns during the recent sample period 

McLean and Pontiff (2016) find that anomaly returns are often attenuated after 

academic publication. Since the return patterns associated with idiosyncratic volatility, MAX, 

and expected idiosyncratic skewness were published before the beginning of our sample, we 

explore whether these characteristics continue to produce abnormal returns in the recent 

years. Following Light, Maslov, and Rytchkov (2017), we also estimate the return patterns 

for additional anomalies during the recent period for 26 total anomalies during our recent 
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sample period.22  Details of the variable construction are provided in Appendix 3 in the 

Online Appendix. 

There are two key takeaways from this exercise. First, Table 10 shows that only around 

half of the anomalies continue to produce significant equal-weighted Carhart alphas, and 

most anomalies produce insignificant value-weighed alphas. This is consistent with the 

finding that most anomalies become weaker or diminish in recent years (Fama and French, 

2016; McLean and Pontiff, 2016). However, we note that our sample only spans 62 total 

months and may lack the power to detect strong statistical effects. Second, the anomalies 

that remain significant are those related to speculative trading and lottery-like preference. 

We find significant Carhart alphas in both equal- and value-weighted portfolios for (1) size, 

(2) idiosyncratic volatility, and (3) MAX. It is interesting that the returns from value-

weighted portfolio are smaller for idiosyncratic volatility and MAX in our sample, whereas it 

is stronger during earlier samples. 

[Insert Table 10 here] 

5.  Robustness analysis 

This section reports a series of robustness tests to address concerns related to the 

sample period, estimation of ABS, and issues relating to noise. 

5.1.  Extending the sample period 

                                                           
22 The 26 anomalies include size (Size), book-to-market ratio (B/M), earnings-to-price ratio (E/P), cash flow-
to-price ratio (C/P), market beta (Beta), momentum (MOM), long-term reversal (LTR), short-term reversal 
(STR), idiosyncratic volatility (IVOL), maximum daily return (MAX), total assets growth (AG), abnormal capital 
investment (CI), investment growth (IG),  investment-to-assets ratio (I/A), investment-to-capital ratio (I/K), 
accruals (ACC), net operating assets (NOA), net stock issuance (NSI), composite stock issuance (CSI), return on 
assets (ROA), return on equity (ROE), leverage (LEV), O-score , stock turnover (TO), analyst dispersion (DISP), 
and expected idiosyncratic skewness (EIS). Other studies also study anomalies. Green, Hand, and Zhang (2013) 
investigate 330 “return predictive signals” and Hou, Xue, and Zhang (2019) replicate 447 anomalies. 
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We extend the sample period back to July 2010, covering 95 months of returns. The 

Bitcoin price data from July 2010 to May 2013 are from Mt. Gox, which was the largest Bitcoin 

exchange before 2014. Before July 2010, we are unable to find formal trading data for Bitcoin. 

We repeat the Table 4 portfolio analysis, and find the long-short portfolio returns are similar 

for both equal- and value- weighted portfolios. The risk-adjusted alphas increase using the 

extend sample period. The results are available in Table A5 in the Online Appendix. 

5.2.  Measuring sensitivity using the entire cryptocurrency market returns 

Since the cryptocurrency market has expanded beyond Bitcoin in recent years, we 

investigate whether the entire digital currency market is important for explaining the 

negative ABS premium. We extract the top ten cryptocurrencies from CoinMarketcap.com 

based on their market capitalizations as of on March 31, 2018 and construct a value-

weighted market return. The value-weighted cryptocurrency market index return is the 

market capitalization weighted return of each individual cryptocurrency. The stock’s 

cryptocurrency sensitivity is estimated as the same way as the Bitcoin sensitivity.  

Compared to the baseline results, Table A6 in the Online Appendix finds that the long-

short ABS portfolio returns based on the coin sensitivity increase by about 20 bps for equal- 

and value- weighted return matrices. The risk-adjusted alphas also increase. Results based 

on value-weighted returns improve more on both the magnitude and significance level.  

5.3.  Noise issues: Noise in estimation and noise in prices 

We briefly discuss issues arising from noise in estimation and noise in prices. 

Estimating the sensitivity of stock returns to Bitcoin returns using OLS incurs many of the 

well-known issues that arise from estimating beta. One concern is that betas estimated over 
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a three-month horizon could be too short or too long to accurately measure time-varying 

sensitivities. Second, non-synchronous trading issues can bias the beta estimates (Dimson, 

1979). Third, since CRSP prices and returns contain non-negligible noise particularly for the 

types of stock we are interested in, our return estimates could be biased. 

We perform additional tests to address these issues. First, we show that our main 

findings are similar when estimating betas over a shorter one-month horizon or a longer six-

month horizon. As an alternative approach, we perform a principal component analysis of 

Bitcoin sensitivities estimated from the one-, three-, and six-month horizons and use the first 

component as our measure of Bitcoin sensitivity. Table A7 in the Online Appendix shows that 

our conclusions are unchanged using this measure. Second, we estimate betas using the 

Dimson approach by including a lead and lag of the Bitcoin return and summing together the 

beta estimates. Our findings from Table A8 in the Online Appendix are similar with this 

approach. Third we address concerns of noise in returns by weighting returns by the past 

month returns, following the guidance of Asparouhova, Bessembinder, and Kalcheva (2010). 

Our main inferences are unchanged using this approach as shown from Table A9 in the 

Online Appendix. Overall, the findings from these additional tests help to address concerns 

that noise issues may affect our main inferences. 

6. Conclusion 

Blockchain holds the promise to disrupt and revolutionize the financial industry. While 

many leading financial companies and startups have embraced this potential, many critics 

have openly questioned this optimism and the long-term viability of Bitcoin and 

cryptocurrencies. In this paper, we investigate whether the hype and speculative interest 

surrounding Bitcoin (and cryptocurrencies) spreads to the stock market. Extant studies 
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show that the overall Bitcoin and stock market have very low correlations. However, by 

closely examining individual stocks, we show that there is a common link between Bitcoin 

and the stock market.  

Our findings suggest a strong link between the speculative interest surrounding Bitcoin 

and cryptocurrencies and the stock market. We find that stocks with high absolute Bitcoin 

sensitivity are overvalued and subsequently experience lower future returns. The negative 

ABS premium strategy generates -15% (-9%) equal-weighted (value-weighted) return per 

year and is not explained by existing characteristics including due to size, book-to-market, 

momentum, illiquidity, idiosyncratic volatility, expected idiosyncratic skewness, and 

maximum daily returns. 

Our results raise interesting questions regarding whether cryptocurrencies represent 

a bubble. While we show compelling evidence of overvaluation in stocks with high absolute 

Bitcoin sensitivities, it is more difficult to draw broader conclusions on the whether 

cryptocurrencies are a bubble. We leave this to future research. 
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Figure 1. Bitcoin return chart during May 2013 to September 2018  
This screenshot is taken from Coinmarketcap.com at about 23:00 pm on March 20, 2019. It shows the historical Bitcoin price, 24-hour trading volume, 
and the total market capitalization from May 2013 to September 2018. 
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Figure 2. Cumulative long-short absolute Bitcoin sensitivity (ABS) portfolio return 
This figure shows the cumulative long-short ABS portfolio returns in the three months before and six months after portfolio formation. The long-short 
ABS portfolio is a zero-cost portfolio that longs the highest ABS decile stocks and shorts the lowest ABS decile stocks. In the formation month (month t), 
all stocks are ranked and assigned to one of the ten decile portfolios based on their absolute Bitcoin sensitivity (ABS).  
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Panel A: Monthly Carhart alphas of portfolios double-sorted by retail trading volume and ABS 

 

Panel B: Monthly Carhart alphas of portfolios double-sorted by institutional ownership (IO%) and ABS 

 

Panel C: Monthly Carhart alphas of portfolios double-sorted by firm size and ABS 

 
Figure 3. Double-sorted portfolio Carhart alphas by retail trading and ABS 
This figure presents the average equal-weighted Carhart-adjusted alphas for the 5×5 portfolios formed by first 
sorting stocks into quintiles based on the following proxies for retail trading: retail trading volume (Panel A), 
institutional ownership (Panel B), and firm size (Panel C). Then, within each retail trading quintile, stocks are 
further sorted into quintiles based on the absolute Bitcoin sensitivity (ABS). 
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Table 1. Average stock characteristics for portfolios of stocks sorted by “raw” Bitcoin sensitivity  
 
This table shows the time-series average of the mean values of stock characteristics on 20 portfolios sorted by 
the “raw” Bitcoin sensitivity. Bitcoin returns used in the sensitivity calculation are calculated using the stock 
market trading day buy-and-hold returns to match the stock returns in the CRSP. The entire sample is divided 
into decile portfolios based on the “raw” sensitivity for negative and positive “raw” sensitivity separately. Raw 
sensitivity is the average of individual stocks’ raw sensitivity based on 3-month estimating period. ABS is the 
absolute value of the raw Bitcoin sensitivity measure. Sig. ABS (%) is defined as the percentage of stocks with 
significant ABS at the 10% level in the corresponding group. No. of stocks is the average number of stocks in 
month t+1 for each portfolio. Return t+1 is the equal-weighted average return (in percentage) for each portfolio 
in month t+1. Mkt cap is the average of individual stocks’ market capitalization (in $billions) in month t. Analysts 
is the number of analyst forecasts from the most recently available I/B/E/S summary files in month t. IO% is 
the shares held by institutional investors in quarter t-2. MOM is the cumulative stock return in previous one 
year except the last one month. STR is the short term reversal, defined as the previous month’s stock return. 
Beta is the market beta, estimated using daily return in the previous year. B/M is the book value of equity to 
market value of equity ratio in fiscal year t-1. OP is the annually operating profitability in fiscal year t-1, adjusted 
with R&D expense following Ball et al (2015). TO (%) is the average monthly turnover ratio of the individual 
stocks during the previous 3-month. Retail trading (%) is defined as the total retail trading volume scaled by 
the total trading volume in month t. We adjust the CRSP reported trading volume for NASDAQ stocks following 
Anderson and Dyl (2005). ILLIQ is the Amihud (2002) illiquidity measure in month t. Price is the average of 
individual stocks’ price in month t. IVOL is the idiosyncratic volatility, defined as the standard deviation of the 
residuals from the regression of daily stock returns to Fama French three factors in month t. Max is the 
maximum daily stock return in month t. EIS is the future expected idiosyncratic skewness estimated in month 
t, as in Boyer, Mitton and Vorkink (2010). The sample period is from August2013 to September 2018, covering 
total 62 months. 
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Table 1 continued 

 Negative “raw” Bitcoin sensitivity Positive “raw” Bitcoin sensitivity 

 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 1 2 3 4 5 6 7 8 9 10 

Raw sensitivity -0.21 -0.11 -0.08 -0.06 -0.05 -0.04 -0.03 -0.02 -0.01 0.00 0.00 0.01 0.02 0.03 0.04 0.05 0.07 0.09 0.12 0.23 

ABS 0.21 0.11 0.08 0.06 0.05 0.04 0.03 0.02 0.01 0.00 0.00 0.01 0.02 0.03 0.04 0.05 0.07 0.09 0.12 0.23 

Sig. ABS (%) 44.97 25.59 16.35 9.50 4.38 1.41 0.15 0.14 0.08 0.00 0.00 0.12 0.20 0.22 1.20 4.22 8.73 14.96 24.30 47.95 

No. of stocks 138 139 139 138 138 139 139 139 139 138 135 136 136 136 136 136 136 136 136 136 

Return t+1 (%) -0.05 0.60 0.84 0.84 1.01 0.99 1.21 0.90 1.06 0.92 1.04 1.01 0.88 0.95 1.08 0.86 0.92 0.50 0.56 -0.34 

Mkt cap ($B) 0.78 1.55 2.36 3.02 3.72 4.24 4.85 5.22 5.30 5.53 5.37 5.29 5.13 4.75 4.32 3.73 3.07 2.18 1.46 0.69 

Analysts 5.79 7.22 8.07 8.51 9.21 9.44 9.95 10.28 10.19 10.51 10.33 10.31 10.05 9.90 9.69 9.31 8.63 7.95 7.03 5.62 

IO% 41.57 53.04 59.14 62.72 64.45 65.48 67.23 67.42 67.85 67.41 67.16 67.36 66.89 66.25 64.91 64.08 61.91 58.42 52.48 39.32 

MOM (%) 5.73 9.01 11.29 12.35 13.58 14.21 14.66 14.31 14.99 14.96 15.10 15.35 15.99 15.25 15.05 13.50 13.72 12.16 9.73 6.66 

STR (%) 1.10 0.46 0.67 0.93 0.78 1.05 0.71 0.96 1.25 0.96 0.96 1.46 1.07 1.19 1.17 1.11 1.12 1.19 0.96 1.62 

Beta 1.15 1.12 1.10 1.09 1.09 1.07 1.07 1.05 1.05 1.03 1.03 1.05 1.05 1.08 1.09 1.10 1.13 1.16 1.17 1.17 

B/M 0.63 0.60 0.57 0.55 0.54 0.52 0.51 0.51 0.50 0.50 0.51 0.50 0.52 0.51 0.53 0.55 0.54 0.57 0.59 0.61 

OP 0.00 0.06 0.09 0.11 0.12 0.12 0.13 0.13 0.13 0.13 0.13 0.13 0.13 0.13 0.12 0.11 0.10 0.08 0.05 -0.02 

TO (%) 19.90 16.39 15.36 14.56 14.30 13.57 13.53 13.49 13.38 13.07 13.20 13.32 13.50 13.95 14.17 14.75 15.11 15.82 17.39 22.49 

Retail trading(%) 20.59 15.92 13.73 12.20 11.55 11.36 10.87 10.57 10.20 10.88 10.46 11.01 10.77 11.27 11.78 12.33 13.24 14.49 16.99 22.57 

ILLIQ (10-5) 1.36 0.92 0.72 0.59 0.58 0.63 0.51 0.52 0.45 0.46 0.54 0.53 0.56 0.50 0.57 0.61 0.55 0.69 0.80 1.13 

Price ($) 13.83 21.62 29.71 35.12 40.23 45.56 49.16 49.87 52.61 52.99 52.02 50.63 48.00 49.33 45.37 43.17 34.42 27.80 21.74 14.64 

IVOL (%) 3.82 2.73 2.30 2.04 1.90 1.76 1.66 1.61 1.59 1.53 1.55 1.60 1.64 1.75 1.79 1.98 2.12 2.39 2.84 3.99 

Max (%) 10.31 7.24 6.15 5.49 5.12 4.83 4.51 4.41 4.41 4.18 4.26 4.45 4.48 4.79 4.91 5.35 5.73 6.39 7.64 10.92 

EIS 1.31 0.93 0.73 0.59 0.51 0.44 0.39 0.37 0.35 0.35 0.36 0.37 0.39 0.43 0.49 0.55 0.65 0.80 1.00 1.44 
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Table 2. Time-series average of cross-sectional correlations  
 
This table presents the time-series average of correlation matrix between the absolute Bitcoin sensitivity (ABS) 
and some other typical stock characteristics in Table 1. Variable definitions are available in Table 1. Ln(Price) 
is the logarithm of stock price in month t. Ln(Size) is the natural logarithm of the market value in month t. 
Spearman correlations are shown above the diagonal; Pearson correlations are shown below the diagonal. The 
sample period is from August2013 to September 2018, covering total 62 months.  
 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

ABS (1)  0.43 0.35 0.37 -0.34 0.05 0.28 -0.31 0.05 0.08 -0.03 -0.13 

IVOL (2) 0.47  0.62 0.84 -0.58 0.06 0.50 -0.55 0.08 0.14 -0.04 -0.23 

EIS (3) 0.40 0.58  0.51 -0.76 -0.22 0.75 -0.79 0.15 -0.04 -0.07 -0.41 

MAX (4) 0.39 0.86 0.45  -0.47 0.06 0.41 -0.44 0.06 0.19 0.23 -0.19 

Ln(Price) (5) -0.36 -0.52 -0.76 -0.38  0.24 -0.75 0.81 -0.29 0.04 0.14 0.35 

TO (6) 0.17 0.22 -0.02 0.19 0.06  -0.61 0.43 -0.16 0.39 0.01 0.02 

ILLIQ (7) 0.06 0.11 0.19 0.08 -0.14 -0.16  -0.96 0.30 -0.22 -0.07 -0.23 

Ln(Size) (8) -0.33 -0.47 -0.75 -0.35 0.78 0.18 -0.25  -0.32 0.20 0.11 0.27 

B/M (9) 0.08 0.12 0.17 0.09 -0.29 -0.01 0.11 -0.32  -0.10 -0.01 -0.04 

Beta (10) 0.07 0.10 -0.06 0.12 0.06 0.33 -0.25 0.20 -0.09  -0.01 -0.01 

STR (11) 0.00 0.07 -0.03 0.36 0.11 0.01 -0.01 0.07 -0.01 -0.02  0.03 

MOM (12) -0.08 -0.14 -0.36 -0.12 0.29 0.00 -0.05 0.19 -0.03 0.00 0.01  
 
  



43 

Table 3. Average ABS transition matrix for stocks migrating across decile portfolios 
 
This table reports the time-series average of the transition vectors for stocks within each decile portfolios. In 
each month, all the stocks are sorted into decile portfolios based on their absolute Bitcoin sensitivity (ABS), and 
the portfolios are rebalanced every month. The transition vectors are defined as the proportion of firms 
assigned to a portfolio in month t that are still in the same portfolio or jump to other portfolios over a certain 
period. Panel A to C report the transition vector results after one-month, three-month, and six-month periods.  
 
Panel A: Transition matrix of 3-month ABS over next 1 month 

From To Low To (2) To (3) To (4) To (5) To (6) To (7) To (8) To (9) To High 

Low 0.187 0.168 0.145 0.131 0.107 0.085 0.066 0.053 0.036 0.022 

(2) 0.172 0.161 0.148 0.126 0.112 0.090 0.073 0.055 0.041 0.022 

(3) 0.150 0.150 0.147 0.137 0.117 0.095 0.077 0.058 0.044 0.025 

(4) 0.128 0.130 0.131 0.132 0.126 0.116 0.091 0.066 0.049 0.030 

(5) 0.096 0.107 0.120 0.132 0.131 0.128 0.106 0.087 0.061 0.031 

(6) 0.082 0.094 0.098 0.108 0.129 0.135 0.130 0.108 0.076 0.040 

(7) 0.069 0.073 0.082 0.090 0.103 0.132 0.150 0.140 0.107 0.055 

(8) 0.053 0.055 0.061 0.071 0.086 0.107 0.142 0.176 0.162 0.087 

(9) 0.039 0.040 0.046 0.048 0.058 0.076 0.109 0.163 0.242 0.178 

High 0.024 0.024 0.026 0.026 0.032 0.040 0.057 0.093 0.182 0.495 

 
Panel B: Transition matrix of 3-month ABS over next 3 month 

From To Low To (2) To (3) To (4) To (5) To (6) To (7) To (8) To (9) To High 

Low 0.129 0.126 0.122 0.117 0.108 0.104 0.093 0.080 0.067 0.053 

(2) 0.122 0.122 0.124 0.112 0.113 0.105 0.096 0.085 0.071 0.051 

(3) 0.122 0.122 0.115 0.113 0.108 0.104 0.098 0.088 0.074 0.056 

(4) 0.113 0.117 0.115 0.112 0.114 0.105 0.097 0.089 0.076 0.061 

(5) 0.111 0.107 0.111 0.112 0.110 0.104 0.099 0.093 0.086 0.066 

(6) 0.103 0.103 0.100 0.105 0.107 0.105 0.104 0.103 0.096 0.075 

(7) 0.096 0.096 0.097 0.106 0.097 0.107 0.107 0.102 0.105 0.088 

(8) 0.085 0.088 0.086 0.088 0.095 0.100 0.110 0.114 0.120 0.113 

(9) 0.071 0.071 0.081 0.080 0.087 0.096 0.107 0.118 0.138 0.152 

High 0.055 0.057 0.059 0.064 0.068 0.079 0.092 0.126 0.161 0.241 

 
Panel C: Transition matrix of 3-month ABS over next 6 month 

From To Low To (2) To (3) To (4) To (5) To (6) To (7) To (8) To (9) To High 

Low 0.125 0.125 0.121 0.115 0.109 0.102 0.095 0.081 0.075 0.053 

(2) 0.122 0.124 0.122 0.113 0.111 0.102 0.091 0.085 0.073 0.056 

(3) 0.117 0.119 0.122 0.115 0.104 0.105 0.096 0.089 0.076 0.056 

(4) 0.116 0.117 0.111 0.118 0.109 0.104 0.100 0.085 0.077 0.062 

(5) 0.108 0.110 0.110 0.110 0.109 0.109 0.101 0.096 0.082 0.064 

(6) 0.104 0.104 0.103 0.107 0.105 0.106 0.107 0.096 0.093 0.075 

(7) 0.095 0.094 0.100 0.100 0.101 0.106 0.105 0.106 0.106 0.087 

(8) 0.087 0.088 0.085 0.092 0.098 0.101 0.107 0.114 0.114 0.114 

(9) 0.074 0.075 0.080 0.080 0.089 0.096 0.104 0.121 0.134 0.147 

High 0.062 0.059 0.062 0.066 0.073 0.080 0.097 0.122 0.158 0.221 
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Table 4. Portfolio sorts: Returns and alphas on portfolios of stocks sorted by absolute Bitcoin sensitivity  
 
This table reports the average returns or alphas in percentage and the corresponding t-statistics of monthly 
rebalanced equal-weighted and value-weighted stock returns on decile portfolios sorted by their absolute 
Bitcoin sensitivity (ABS). Panel A presents result using all stocks with an ABS estimate. Panel B constraints the 
sample to those stocks with a significant regression coefficient at the 10% level. Excess return is the average 
returns in excess of the risk-free rate. Alpha is the intercept from the regression of monthly excess returns on 
risk factors specified by an asset pricing model. The factor models include: the CAPM, the Fama-French three-
factor model, and a four-factor model that includes Fama-French three factors and Carhart momentum factor. 
Long-Short return or Alpha is the return or alpha of a zero-cost portfolio that longs the top ABS decile portfolio 
and shorts the bottom ABS decile portfolio (i.e., H – L). The t-statistics shown in parentheses are computed 
based on standard errors with Newey-West corrections. ***, **, and, * indicate statistical significance at the 1%, 
5%, and 10% levels, respectively, using two-tailed tests. The sample period is from August2013 to September 
2018, covering total 62 months.   
 
Panel A. Portfolios sorts using all stocks with an ABS estimate  

Equal-weighted returns Value-weighted returns 

 Excess CAPM 3-factor 4-factor Excess CAPM 3-factor 4-factor 
 Return Alpha Return Alpha Return Alpha Return Alpha 

1 (Low) 1.01 -0.10 0.06 0.08 1.13 0.00 0.02 0.05 
 (3.25) (-0.76) (0.43) (0.56) (4.11) (0.06) (0.30) (0.60) 

2 0.98 -0.14 -0.06 -0.03 1.14 0.10 0.10 0.10 
 (3.08) (-0.90) (-0.70) (-0.34) (4.63) (2.21) (1.95) (1.92) 

3 0.96 -0.21 -0.10 -0.08 1.15 -0.01 -0.05 -0.03 
 (2.81) (-1.41) (-1.43) (-1.29) (3.74) (-0.18) (-1.04) (-0.69) 

4 1.10 -0.11 0.00 0.05 1.03 -0.15 -0.16 -0.13 
 (3.11) (-0.92) (0.05) (0.91) (3.80) (-1.21) (-1.32) (-1.05) 

5 1.04 -0.18 -0.03 0.00 1.10 -0.06 -0.05 -0.01 
 (2.37) (-0.91) (-0.21) (0.02) (3.84) (-0.66) (-0.46) (-0.14) 

6 0.91 -0.30 -0.16 -0.11 1.12 -0.05 -0.03 -0.01 
 (2.20) (-1.36) (-1.45) (-1.21) (3.55) (-0.35) (-0.32) (-0.12) 

7 0.88 -0.33 -0.18 -0.13 0.90 -0.22 -0.17 -0.14 
 (2.01) (-1.24) (-1.06) (-0.87) (2.44) (-1.53) (-1.24) (-1.10) 

8 0.78 -0.37 -0.24 -0.14 0.86 -0.36 -0.32 -0.24 
 (1.56) (-1.11) (-0.90) (-0.61) (1.77) (-1.30) (-1.45) (-1.11) 

9 0.49 -0.88 -0.68 -0.59 0.70 -0.63 -0.57 -0.45 
 (0.96) (-2.58) (-2.30) (-2.19) (1.40) (-1.67) (-1.54) (-1.33) 

10 (High) -0.29 -1.76 -1.58 -1.39 0.35 -1.31 -1.18 -0.97 
 (-0.48) (-4.08) (-4.52) (-4.53) (0.51) (-3.00) (-3.45) (-3.54) 

H – L -1.30*** -1.66*** -1.64*** -1.47*** -0.78* -1.31*** -1.20*** -1.01*** 
(t-stat) (-3.62) (-4.00) (-4.62) (-4.94) (-1.67) (-2.90) (-3.38) (-3.52) 
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Table 4. (continued) 
 
Panel B. Portfolio sorts using only stocks with a significant ABS estimate  

Equal-weighted returns Value-weighted returns 

 Excess CAPM  3-Factor 4-Factor Excess CAPM 3-Factor 4-Factor 

 Return Alpha Return Alpha Return Alpha Return Alpha 

1 (Low) 1.31 0.38 0.42 0.42 1.50 0.62 0.58 0.60 

 (5.39) (2.32) (2.69) (2.53) (5.61) (3.84) (3.28) (3.12) 

2 0.91 -0.15 -0.06 -0.10 1.12 0.07 0.04 0.05 

 (2.27) (-0.55) (-0.27) (-0.40) (2.10) (0.18) (0.11) (0.11) 

3 0.72 -0.36 -0.22 -0.22 0.97 -0.22 -0.18 -0.13 

 (2.03) (-2.11) (-1.64) (-1.77) (2.88) (-1.18) (-0.90) (-0.53) 

4 1.08 -0.09 0.04 0.05 0.57 -0.56 -0.57 -0.61 

 (3.09) (-0.45) (0.20) (0.27) (1.39) (-1.30) (-1.38) (-1.44) 

5 1.05 -0.17 0.03 0.07 1.03 -0.28 -0.13 -0.07 

 (2.19) (-0.59) (0.10) (0.21) (1.59) (-0.62) (-0.26) (-0.15) 

6 0.48 -0.51 -0.31 -0.23 -0.13 -1.47 -1.32 -1.08 

 (1.04) (-1.10) (-0.73) (-0.52) (-0.18) (-2.47) (-2.38) (-2.04) 

7 0.48 -0.76 -0.66 -0.48 0.31 -1.18 -1.07 -0.78 

 (0.74) (-1.87) (-2.05) (-1.73) (0.36) (-2.01) (-2.15) (-2.30) 

8 0.64 -0.74 -0.57 -0.50 0.80 -1.01 -0.89 -0.76 

 (1.20) (-2.10) (-1.77) (-1.71) (1.06) (-1.85) (-1.44) (-1.32) 

9 -0.33 -1.74 -1.59 -1.44 -0.05 -1.69 -1.53 -1.33 

 (-0.43) (-2.41) (-2.49) (-2.38) (-0.08) (-2.24) (-2.12) (-2.00) 

10 (High) -1.11 -2.79 -2.47 -2.15 -0.90 -2.70 -2.70 -2.52 
 (-1.63) (-4.62) (-4.77) (-3.45) (-0.99) (-3.66) (-3.64) (-3.56) 

H – L -2.42*** -3.17*** -2.88*** -2.57*** -2.40*** -3.32*** -3.28*** -3.11*** 
(t-stat) (-4.90) (-6.30) (-6.60) (-4.92) (-3.21) (-4.61) (-4.56) (-4.74) 
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Table 5. Bi-variate portfolio sorts: four-factor alphas of portfolios sorted on lottery/liquidity 
characteristics and ABS  
 
This table reports four-factor alphas of portfolios sorted by absolute Bitcoin sensitivity (ABS) after first sorting 
on the following stock characteristics: Size, Price, MAX, IVOL, and expected idiosyncratic skewness (EIS), 
average daily turnover ratio over the previous three-month (Turnover), and Amihud illiquidity (ILLIQ). In each 
month, we first sort the stocks into deciles based on stock characteristic, then within each decile, we further 
sort stocks into decile portfolios based on ABS. Four-factor alpha is the intercept from the regression of monthly 
long/short (i.e., H – L) portfolio returns on the Carhart four-factor model. The bottom row presents the four-
factor alpha of a zero-cost portfolio that longs the top ABS decile portfolio and shorts the bottom ABS decile 
portfolio. Panels A and B report equal-weighted and value-weighted portfolio results. The t-statistics shown in 
parentheses are computed based on standard errors with Newey-West corrections. ***, **, and, * indicate 
statistical significance at the 1%, 5%, and 10% levels, respectively, using two-tailed tests.  
 
Panel A: Equal-weighted returns 

 
(1) 
Size 

(2) 
Price 

(3) 
MAX 

(4) 
IVOL 

(5) 
EIS 

(6) 
TO 

(7) 
ILLIQ 

1 (Low) 0.95 0.89 0.96 0.94 0.98 0.94 0.96 

2 0.92 0.84 0.80 0.67 0.96 0.93 0.89 

3 0.93 1.00 0.94 0.97 0.84 0.86 1.13 

4 1.03 0.93 1.04 1.00 1.07 1.00 0.91 

5 1.05 1.03 0.93 0.91 0.95 0.96 1.02 

6 0.85 0.97 0.91 0.88 1.02 0.89 0.95 

7 0.73 0.75 0.81 0.92 0.91 0.76 0.85 

8 0.78 0.66 0.90 0.73 0.57 0.67 0.71 

9 0.59 0.68 0.60 0.66 0.82 0.54 0.50 

10 (High) 0.02 0.09 0.01 0.25 0.13 -0.36 -0.02 

H – L  -1.24*** -1.11*** -1.05*** -0.82*** -1.01*** -1.41*** -1.26*** 

(t-stat) (-5.16) (-4.45) (-5.75) (-5.62) (-3.89) (-5.65) (-5.04) 

 
Panel B: Value-weighted returns 

 
(1) 
Size 

(2) 
Price 

(3) 
MAX 

(4) 
IVOL 

(5) 
EIS 

(6) 
TO 

(7) 
ILLIQ 

1 (Low) 1.18 1.15 0.96 1.17 1.21 1.18 1.19 

2 1.13 1.12 0.80 1.07 1.19 1.13 1.21 

3 1.16 1.13 0.94 1.25 1.03 1.12 1.18 

4 1.11 1.12 1.04 1.10 1.16 0.93 1.13 

5 1.11 1.01 0.93 0.88 1.13 1.00 1.05 

6 0.98 0.89 0.91 1.03 0.99 1.18 1.00 

7 0.98 1.12 0.81 1.08 1.07 0.98 1.11 

8 1.10 1.16 0.90 1.09 0.95 0.87 1.16 

9 0.95 0.89 0.60 1.26 1.05 0.92 0.87 

10 (High) 0.79 0.68 0.01 0.77 0.49 -0.05 0.82 

H – L  -0.46** -0.67*** -0.68** -0.47*** -0.76*** -1.30*** -0.40* 

(t-stat) (-2.13) (-2.84) (-2.55) (-3.00) (-3.43) (-5.95) (-1.87) 
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Table 6. Firm-level Fama-MacBeth cross-sectional return regressions 
 
This table reports the results from Fama-MacBeth cross-sectional regressions. All stock characteristics are 
standardized (N~(0,1)) to make the results comparable. Panels A and B show the results based on equal-
weighted least square (EWLS) and value-weighted least square (VWLS) regressions, respectively. The 
dependent variable is a firm’s monthly return (in percentage). The explanatory variable of interest is the 
Bitcoin sensitivity (ABS). The control variables include: idiosyncratic volatility (IVOL), the logarithm firm of 
market capitalization (Ln(SIZE)), the logarithm of book-to-market equity (Ln(B/M)), annually operating 
profitability (OP), total asset growth (TAG), momentum (MOM), maximum daily return (MAX), expected 
idiosyncratic skewness (EIS), Short-term reversal (STR), Amihud illiquidity (ILLIQ), average daily turnover 
ratio (Turnover), and the logarithm of stock price (Ln(Price)). The table reports the time-series monthly 
averages of the estimated coefficients. The t-statistics are shown in parentheses using the Newey and West 
(1987) corrected standard errors with up to twelve lags. ***, **, and, * indicate statistical significance at the 1%, 
5%, and 10% levels, respectively, using two-tailed tests. The sample period is from August2013 to September 
2018, covering total 62 months. 
 
Panel A: EWLS Fama-MacBeth regression results 

 (1) (2) (3) (4) (5) 

ABS 
 

-0.42*** -0.32*** -0.20*** -0.20*** -0.15*** 

(-4.24) (-5.17) (-5.06) (-5.30) (-4.53) 

Ln(SIZE) 
 

 0.04 -0.07 0.00 0.04 

 (0.66) (-0.99) (0.02) (0.39) 

Ln(B/M) 
 

 -0.03 -0.05 -0.04 -0.02 

 (-0.27) (-0.41) (-0.34) (-0.18) 

OP 
 

 0.37*** 0.33*** 0.34*** 0.32*** 

 (3.75) (3.68) (4.44) (4.41) 

TAG 
 

 -0.06 -0.04 -0.05 -0.04 

 (-0.71) (-0.54) (-0.57) (-0.48) 

MOM 
 

 0.23 0.21 0.25 0.24 

 (1.57) (1.41) (1.65) (1.64) 

STR  0.00 0.05 0.04 0.03 

  (0.07) (0.72) (0.55) (0.42) 

IVOL 
 

  -0.34*** -0.41*** -0.34*** 

  (-3.00) (-3.53) (-3.53) 

MAX    0.06 0.07 

    (0.63) (0.78) 

EIS    0.13 0.20* 

    (1.10) (1.80) 

ILLIQ 
 

    -0.07** 

    (-2.10) 

Turnover 
 

    -0.30*** 

    (-2.68) 

Ln(Price) 
 

    0.15 

    (1.33) 

Intercept 
 

0.79* 0.79* 0.79* 0.79* 0.79* 

(1.90) (1.90) (1.90) (1.90) (1.90) 
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Table 6 (continued) 
 
Panel B: VWLS Fama-MacBeth regression results 

 (1) (2) (3) (4) (5) 

ABS 
 

-0.25* -0.19* -0.13 -0.15 -0.13* 

(-1.72) (-1.68) (-1.39) (-1.62) (-1.70) 

Ln(SIZE) 
 

 0.02 -0.01 0.07 0.04 

 (0.20) (-0.10) (0.78) (0.48) 

Ln(B/M) 
 

 -0.09 -0.08 -0.07 -0.05 

 (-0.79) (-0.71) (-0.57) (-0.47) 

OP 
 

 0.21*** 0.19*** 0.22*** 0.21*** 

 (3.06) (3.08) (3.66) (3.63) 

TAG 
 

 -0.07 -0.06 -0.07 -0.07 

 (-0.74) (-0.61) (-0.80) (-0.78) 

MOM 
 

 0.26* 0.25 0.33** 0.32** 

 (1.68) (1.61) (2.10) (2.11) 

STR  0.02 0.02 -0.13 -0.15 

  (0.13) (0.13) (-0.82) (-1.00) 

IVOL 
 

  -0.17 -0.53*** -0.51*** 

  (-1.44) (-3.76) (-3.50) 

MAX    0.34** 0.35** 

    (2.37) (2.46) 

EIS    0.36** 0.40*** 

    (2.65) (3.14) 

ILLIQ 
 

    -0.18** 

    (-2.44) 

Turnover 
 

    -0.05 

    (-0.35) 

Ln(Price) 
 

    0.08 

    (1.14) 

Intercept 0.95*** 0.83* 0.80* 0.90* 0.90** 

 (2.66) (1.82) (1.73) (1.81) (2.01) 
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Table 7. Factor risk-adjusted returns for the long-short absolute Bitcoin sensitivity portfolio 
 
This table presents risk-adjusted returns (alpha) in percentage and the respective factor loadings of the long-short absolute Bitcoin sensitivity (ABS) 
portfolio. In each month, all stocks are sorted by ABS into decile portfolios. We form a zero-cost portfolio that longs the bottom ABS decile portfolio and 
shorts the top ABS decile portfolio. Panel A (Panel B) presents equal-weighted (value-weighted) portfolios. Alpha is the intercept from the regression of 
the long-short ABS portfolio on the following factor models: (1) the CAPM, (2) the Fama-French three-factor model, (3) the FF+Carhart four-factor model, 
(4) the Fama-French five factor model, (5) the FF+Carhart six-factor model, (6) the Stambaugh and Yuan (2017) four-factor mispricing (M4) model, (7) 
the Carhart four-factor model + Frazzini and Pedersen (2014) betting against beta factor (BAB), and (8) the Carhart four-factor model + Bali et al. (2017) 
Max factor (FMAX). The t-statistics shown in parentheses are computed based on standard errors with Newey-West corrections. ***, **, and, * indicate 
statistical significance at the 1%, 5%, and 10% levels, respectively, using two-tailed tests. The sample period is from August 2013 to September 2018, 
covering total 62 months. For the M4 mispricing pricing model, the sample period ends in December 2016 due to data availability. For the FMAX factor, 
the data period ends in December 2017 due to data availability. 
 
Panel A: Equal-weighted Bitcoin sensitivity returns 
  Alpha MKT SMB HML UMD RMW CMA MGMT PERF BAB FMAX 

(1) CAPM model -1.66*** 0.34**          

 (-4.00) (2.10)          

(2) 3-Factor model -1.64*** 0.26* 0.55*** -0.21        

 (-4.62) (1.73) (2.86) (-1.23)        

(3) 4-Factor model -1.47*** 0.16* 0.55*** -0.50*** -0.42***       
 (-4.94) (1.85) (3.32) (-3.52) (-2.93)       
(4) 5-Factor model -1.35*** 0.27* 0.20 -0.31  -1.13*** 0.46     
 (-3.92) (1.94) (0.94) (-1.41)  (-4.82) (1.48)     
(5) 6-Factor model -1.18*** 0.15* 0.17 -0.52*** -0.49*** -1.21*** 0.13     
 (-4.24) (1.79) (1.07) (-2.79) (-4.54) (-5.85) (0.40)     
(6) M4 model -1.31*** 0.08 -0.17     -0.78*** -0.55***   
 (-4.28) (1.17) (-0.74)     (-4.67) (-8.99)   
(7) BAB model -0.78*** 0.12 0.48*** -0.53*** -0.19**     -0.88***  
  (-2.61) (1.37) (2.71) (-4.85) (-2.40)     (-8.42)  
(8) FMAX model -0.76*** -0.14* -0.01 -0.13 -0.32***      0.96*** 
  (-2.72) (-1.95) (-0.06) (-0.90) (-5.12)      (7.44) 
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Table 7 (continued) 
 
Panel B: Value-weighted Bitcoin sensitivity returns 
  Alpha MKT SMB HML UMD RMW CMA MGMT PERF BAB FMAX 

(1) CAPM model -1.31*** 0.50**          

 (-2.90) (2.56)          

(2) 3-Factor model -1.20*** 0.37** 0.93*** -0.10        

 (-3.38) (2.38) (5.51) (-0.45)        

(3) 4-Factor model -1.01*** 0.26*** 0.93*** -0.43* -0.48**       

 (-3.52) (2.76) (6.21) (-1.86) (-2.38)       

(4) 5-Factor model -1.04*** 0.36** 0.67*** -0.03  -0.82*** -0.03     

 (-2.85) (2.27) (4.08) (-0.19)  (-3.14) (-0.06)     

(5) 6-Factor model -0.83*** 0.21* 0.63*** -0.28 -0.59*** -0.92*** -0.41     

 (-2.92) (1.89) (5.48) (-1.26) (-4.10) (-3.93) (-0.91)     

(6) M4 model -0.72* 0.11 0.25     -0.79*** -0.69***   

 (-1.80) (1.11) (0.77)     (-2.97) (-5.16)   

(7) BAB model -0.19 0.21** 0.85*** -0.47** -0.20     -1.06***  

  (-0.52) (2.10) (5.65) (-2.51) (-1.48)     (-4.82)  

(8) FMAX model -0.17 -0.09 0.20 0.13 -0.26**      1.21*** 

  (-0.57) (-1.36) (1.56) (0.96) (-2.35)      (10.97) 
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Table 8. Absolute Bitcoin sensitivity and retail investor trading activity 
 
This table reports the results of a series of cross-sectional Fama-MacBeth regressions. All stock characteristics 
are standardized (N~(0,1)) to make the results comparable. Panels A and B show the results based on equal-
weighted least square (EWLS) and value-weighted least square (VWLS) regressions, respectively. The 
dependent variable is the firm’s monthly return (in percentage). The explanatory variables are the absolute 
Bitcoin sensitivity (ABS) and its interaction with different stock characteristics. The control variables include: 
the logarithm of market cap (Ln(SIZE)), the logarithm of book-to-market equity (Ln(B/M)), annually operating 
profitability (OP), total asset growth (TAG), momentum (MOM), and short term reversal (STR). The interaction 
terms are based on both indicator variables and continuous variables, including high retail trading dummy 
(Retail>Q80%), low IO% dummy (IO%<Q20%), and small size dummy (Size<Q20%). Retail trading is measure 
of retail trading volume defined as the fraction of transactions that experienced price-improvements in the TAQ 
database following Boehmer, Jones, and Zhang (2017). The regressions include the dummy and corresponding 
characteristic. The t-statistics are shown in parentheses using the Newey and West (1987) corrected standard 
errors with up to twelve lags. ***, **, and, * indicate statistical significance at the 1%, 5%, and 10% levels, 
respectively, using two-tailed tests. The sample period is from August2013 to September 2018, covering total 
62 months, except the retail trading data which ends December 2016. 
 
Panel A: EWLS Fama-MacBeth regression results 

 (1) (2) (3) (4) (5) (6) 
ABS 
 

-0.23*** -0.08 -0.17** -0.28*** -0.16** -0.20** 
(-3.17) (-0.78) (-2.25) (-4.03) (-2.23) (-2.20) 

ABS × Retail>Q80% -0.31***      
(-3.12)      

ABS × IO%<Q20%  -0.56***     
 (-3.40)     

ABS × Size<Q20%   -0.35***    
  (-4.19)    

ABS × Retail trading    -0.16***   
   (-3.40)   

ABS × IO%     0.29***  
    (5.15)  

ABS × Size      0.20** 
     (2.54) 

Control variables Yes Yes Yes Yes Yes Yes 
 
Panel B: VWLS Fama-MacBeth regression results 

 (1) (2) (3) (4) (5) (6) 
ABS 
 

-0.23* -0.10 -0.18 -0.32** -0.24** -0.19* 
(-1.73) (-0.86) (-1.60) (-2.52) (-2.18) (-1.93) 

ABS × Retail>Q80% -0.62**      
(-2.12)      

ABS × IO% <Q20% 
  

 -0.60***     
 (-2.97)     

ABS × Size<Q20%   -0.31***    
  (-3.13)    

ABS × Retail trading    -0.21**   
   (-2.23)   

ABS × IO%     0.25***  
    (3.75)  

ABS × Size      0.01 
     (0.25) 

Control variables Yes Yes Yes Yes Yes Yes 
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Table 9. Returns on earnings announcement days 
 
This table reports regressions of earnings announcement window daily returns (in percentage) on day-fixed effects, absolute Bitcoin sensitivity (ABS), 
earnings announcement day dummy variables, and other lagged control variables (coefficients unreported). An earnings announcement is defined as the 
1-day or 3-day window centered on an earnings release day t, i.e., days t-1, t, and t+1. EDAY is a dummy variable that equals to 1 if the daily observation 
is during an announcement window, and zero otherwise. Following Engelberg, McLean, and Pontiff (2018), we obtain earnings announcement dates from 
the Compustat quarterly database. We examine the firm’s trading volume scaled by market trading volume for the day before, the day of, and the day after 
the reported earnings announcement date, and define the day with the highest volume as the earnings announcement day. Control variables include 
lagged values for each of the past 10 days’ stock returns, stock returns squared, and trading volume. The t-statistics are shown in parentheses. ***, **, and, 
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively, using two-tailed tests. The sample period is from August2013 to September 
2018, covering total 62 months. 
 

 No EDAY 1-day window 3-day window 

 (1) (2) (3) (4) (5) (6) 

ABS 
 

-0.19*** -0.19** -0.18*** -0.18** -0.18*** -0.18** 

(-8.20) (-2.44) (-7.51) (-2.25) (-7.60) (-2.28) 

ABS × EDAY 
  -1.14*** -1.14** -0.26** -0.26* 

  (-6.24) (-2.04) (-2.46) (-1.72) 

EDAY 
 

  0.04** 0.04 0.05*** 0.05* 

  (2.36) (0.77) (4.60) (2.08) 

Intercept 
 

0.07*** 0.07*** 0.07*** 0.07*** 0.07*** 0.07*** 

(28.96) (8.95) (28.54) (8.80) (27.58) (8.59) 

Lagged controls Yes Yes Yes Yes Yes Yes 

Date fixed effect Yes Yes Yes Yes Yes Yes 

Cluster by date No Yes No Yes No Yes 

Observations 3,445,848 3,445,848 3,445,848 3,445,848 3,445,848 3,445,848 

Adj. R2 0.084 0.084 0.084 0.084 0.084 0.084 
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Table 10. Returns of prominent anomalies during the recent sample period 
 
This table shows the average Long/Short (L/S) returns and risk-adjusted returns (in percentage) of the 
absolute Bitcoin sensitivity (ABS) return pattern and other prominent anomalies. For the ABS return pattern, 
the ABS is estimated based on a 3-month estimation window. For other prominent anomalies, the construction 
methods are shown in Appendix 3 in Online Appendix. L/S return or risk-adjusted alpha is the return or alpha 
of a zero-cost portfolio that longs the top undervalued decile portfolio and shorts the bottom undervalued 
decile portfolio. The factor models include: the CAPM, the Fama-French three-factor model, and the Carhart 
four-factor model. The t-statistics shown in parentheses are computed based on standard errors with Newey-
West corrections. ***, **, and, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively, using 
two-tailed tests. The sample period is from August2013 to September 2018, covering total 62 months. Returns 
or alphas that are significant at the 5% level or higher are in bold.  
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Table 10. Continued 

 
 

Equal-weighted returns Value-weighted returns 
 Name of L/S CAPM 3-Factor 4-Factor L/S CAPM 3-Factor 4-Factor 
 anomaly Return Alpha Return Alpha Return Alpha Return Alpha 
1 ABS 1.30*** 1.66*** 1.64*** 1.47*** 0.78* 1.31*** 1.20*** 1.01*** 

  (3.62) (4.00) (4.62) (4.94) (1.67) (2.90) (3.38) (3.52) 

2 IVOL -1.49*** -1.93*** -1.78*** -1.56*** -0.65 -1.14** -1.06*** -0.94*** 

  (-2.87) (-3.54) (-3.62) (-3.78) (-1.57) (-2.55) (-2.73) (-2.71) 

3 MAX -1.40*** -1.93*** -1.83*** -1.64*** -0.48 -0.85** -0.86*** -0.74** 

  (-2.67) (-3.70) (-3.95) (-4.09) (-1.51) (-2.49) (-2.82) (-2.49) 

4 EIS -1.33*** -1.54*** -1.49*** -1.28*** -0.53 -0.97 -0.85 -0.66 

  (-3.71) (-2.91) (-2.97) (-2.79) (-0.91) (-1.30) (-1.10) (-0.86) 

5 SIZE 1.30*** 1.18*** 1.04** 0.92** 1.26*** 1.15*** 1.00** 0.87** 

  (3.96) (2.89) (2.44) (2.28) (3.72) (2.83) (2.37) (2.20) 

6 Beta 0.00 -1.39*** -1.12*** -1.00*** 0.33 -1.06** -0.84* -0.71* 

  (0.01) (-3.34) (-3.23) (-2.93) (0.55) (-2.03) (-1.86) (-1.87) 

7 B/M -0.56 -0.51 -0.14 0.02 -0.97 -1.24** -0.79* -0.46 

  (-1.10) (-1.25) (-0.63) (0.08) (-1.42) (-2.22) (-1.67) (-1.27) 

8 E/P 1.13** 1.25*** 1.28*** 1.25*** 0.82 1.20** 0.98* 0.87* 

  (2.63) (2.78) (2.97) (3.05) (1.44) (2.21) (1.97) (1.85) 

9 C/P 0.43 0.34 0.62 0.75 -0.46 -0.25 -0.02 0.10 

  (0.74) (0.60) (1.29) (1.52) (-0.66) (-0.39) (-0.05) (0.22) 

10 MOM 1.18** 1.40*** 1.15*** 0.58** 0.69 1.17* 0.79 -0.06 

  (2.45) (3.31) (3.24) (2.08) (1.04) (1.94) (1.56) (-0.14) 

11 LTR 1.16** 1.22** 1.04* 0.85* 0.40 0.81 0.37 0.11 

  (2.31) (2.42) (2.00) (1.74) (0.52) (1.03) (0.51) (0.16) 

12 STR 0.34 0.64** 0.52 0.43 -0.00 0.34 0.22 0.13 

  (1.14) (2.05) (1.57) (1.09) (-0.01) (1.08) (0.67) (0.31) 

13 TAG 0.48 0.27 0.14 0.10 -0.12 -0.34 -0.54 -0.58* 

  (1.56) (0.81) (0.42) (0.30) (-0.32) (-0.87) (-1.63) (-1.68) 

14 CI 0.15 0.17 0.17 0.10 0.21 0.33 0.38 0.30 

  (0.64) (0.73) (0.75) (0.53) (0.95) (1.48) (1.38) (1.09) 

15 IG -0.09 -0.16 -0.29 -0.36* 0.13 0.21 -0.00 -0.03 

  (-0.46) (-0.62) (-1.26) (-1.77) (0.36) (0.53) (-0.01) (-0.08) 

16 I/K -0.36* -0.47** -0.51** -0.40* -0.20 -0.26 -0.32 -0.26 

  (-1.80) (-2.30) (-2.52) (-1.79) (-0.74) (-0.74) (-1.11) (-0.84) 

17 I/A 0.02 -0.23 -0.39 -0.51 0.17 0.07 -0.11 -0.15 

  (0.05) (-0.50) (-1.16) (-1.61) (0.58) (0.18) (-0.41) (-0.54) 

18 ACC 0.58* 0.66* 0.58* 0.52* 0.32 0.51 0.39 0.30 

  (1.71) (1.97) (1.85) (1.69) (0.74) (1.18) (1.04) (0.83) 

19 NOA -0.24 -0.04 0.15 0.29 -0.92** -0.54 -0.38 -0.26 

  (-0.63) (-0.09) (0.41) (0.77) (-2.21) (-1.14) (-1.13) (-0.79) 

20 NS -0.64** -0.95*** -0.96*** -0.89*** -0.47* -0.46 -0.55** -0.54* 

  (-2.37) (-2.88) (-3.09) (-2.87) (-1.76) (-1.45) (-2.09) (-1.92) 

21 CSI -1.20*** -1.75*** -1.74*** -1.61*** -0.59* -0.84** -0.87** -0.80* 

  (-3.03) (-3.80) (-3.70) (-3.49) (-1.88) (-2.25) (-2.06) (-1.99) 

22 ROE 0.92*** 1.17*** 1.13*** 1.01*** 0.19 0.52** 0.47 0.41 

  (3.33) (3.11) (3.23) (3.11) (0.78) (2.09) (1.65) (1.48) 

23 ROA 1.07*** 1.58*** 1.58*** 1.50*** -0.02 0.67 0.67 0.63 

  (2.88) (2.98) (3.10) (2.92) (-0.03) (1.16) (1.07) (0.98) 

24 LEV -0.53 -0.51 -0.14 -0.00 -0.54 -0.60 -0.19 -0.11 

  (-1.07) (-1.05) (-0.46) (-0.01) (-1.03) (-1.20) (-0.67) (-0.39) 

25 O-score -1.19** -1.62*** -1.61*** -1.54*** -0.44 -0.87 -0.85 -0.87 

  (-2.40) (-2.75) (-3.06) (-3.08) (-0.91) (-1.29) (-1.55) (-1.54) 

26 TO -0.76 -1.75*** -1.61*** -1.40*** 0.15 -0.28 -0.23 -0.04 

  (-1.67) (-4.07) (-4.08) (-3.55) (0.35) (-0.77) (-0.72) (-0.18) 

27 DISP -0.68 -1.06** -0.93** -0.61** -0.35 -0.71* -0.55 -0.18 

  (-1.39) (-2.42) (-2.52) (-2.03) (-0.80) (-1.71) (-1.59) (-0.50) 
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Online Appendix for 
Speculative Trading, Bitcoin, and Stock Returns 

 
Appendix 1 describes our Bitcoin data sources and construction of the entire cryptocurrency 

market return. Appendix 2 includes Tables that report additional test results discussed in the main 

text. Appendix 3 describes the construction of the 26 anomalies used in the main text.  

Appendix 1. Data description 

Figure A1 shows a summary of the entire cryptocurrency market from a screenshot of the 

CoinMarketCap.com home page on July 6, 2018. There are 1,615 cryptocurrencies with an estimated 

market capitalization of US$266 billion. Table A1 lists the detailed top ten coins used for the 

construction of the entire cryptocurrency market. The market capitalization shown in Panel A is 

based on information on March 31, 2018 and the sample period shown in Panel B is based on 

information ending on September 30, 2018. 

Bitcoin is the largest cryptocurrency currently, followed by Ethereum, Ripple, Bitcoin Cash, and 

Litecoin. Panel A in Table A1 shows that Bitcoin accounts for 43.92% market share of the total 

cryptocurrency market as of March 31, 2018, while the total market share of the second to tenth coin 

is 35.98%, which is less than the market share of Bitcoin. Overall, the top-ten coins capture nearly 

80% of the cryptocurrency market. Panel B of Table A1 shows that Bitcoin and Litecoin are the oldest. 

Both are active for 65 months, followed by Ripple and Stellar with 61 months and 50 months, 

respectively. Other cryptocurrencies, such as IOTA, EOS, Bitcoin Cash, and Cardona, have less than 

two years of price data.  

For the top ten coins based on the market capitalization on March 31th, 2018, we extract data 

on history prices, available supply volume, trading volume over last 24 hours, and market 

capitalization. After calculating the corresponding stock-trading day’s returns for all ten coins, we 

calculate the market capitalization weighted daily return as the market return of the entire 

cryptocurrency market. 
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Appendix 2. Tables for additional test results 

Table A2. Returns on positive/negative Bitcoin sensitivity decile portfolios  
 
Table A3. Fama-MacBeth cross-sectional regressions on positive and negative Bitcoin sensitivity 
 
Table A4. The effects of Bitcoin factors 
 
Table A5. Returns on Bitcoin sensitivity decile portfolios with the extended period  
 
Table A6. Decile portfolio returns based on Coin sensitivity using the prominent digital currency market daily 
returns 
 
Table A7. Decile portfolio returns using 1-month, 6-month, and PCA based Bitcoin sensitivity 
 
Table A8. Decile portfolio returns using Dimson Bitcoin sensitivity 
 
Table A9. Decile portfolio returns using different weighting method 

 

Appendix 3. Descriptions of the Constructions of 26 anomalies 
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Figure A1: Screenshot of the homepage of CoinMarketCap.com  
This screenshot is taken from coinmarketcap.com at about 23:00 pm on July 6, 2018. It shows the homepage of 
the website. 
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Table A1. Top 10 Crypto-currencies 
 
This table shows the list of the top-10 cryptocurrencies and corresponding information. Data are extracted 
from CoinMarketCap.com. 
 
Panel A: Top 10 cryptocurrencies based on their market capitalization as of March 31, 2018 

Rank Coin name Trading symbol Market cap ($bil) Market share 

1 Bitcoin BTC 116.82 43.92% 

2 Ethereum ETH 38.91 14.63% 

3 Ripple XRP 19.96 7.50% 

4 Bitcoin Cash BCH 11.89 4.47% 

5 Litecoin LTC 6.63 2.49% 

6 EOS EOS 4.65 1.75% 

7 Cardona ADA 3.81 1.43% 

8 Stellar XLM 3.51 1.32% 

9 NEO NEO 3.27 1.23% 

10 IOTA MIOTA 3.09 1.16% 

 
Panel B: Top 10 cryptocurrencies with corresponding the sample periods 

Rank Coin name Trading symbol 
Data starting 

month 
Data ending 

month 
Sample period 

(months) 

1 Bitcoin BTC 201305 201809 65 

2 Litecoin LTC 201305 201809 65 

3 Ripple XRP 201308 201809 61 

4 Stellar XLM 201408 201809 50 

5 Ethereum ETH 201508 201809 38 

6 NEO NEO 201609 201809 30 

7 IOTA MIOTA 201706 201809 16 

8 EOS EOS 201707 201809 15 

9 Bitcoin Cash BCH 201708 201809 14 

10 Cardona ADA 201710 201809 12 
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Table A2. Returns on positive/negative Bitcoin sensitivity decile portfolios  
 
This table reports the average returns or alphas in percentage and the corresponding t-statistics of monthly 
rebalanced equal-weighted and value-weighted stock returns on decile portfolios sorted by their Bitcoin 
sensitivity. In each month, we divide all the stocks into either positive sensitivity group or negative sensitivity 
group. Panel A presents result using all stocks with a positive Bitcoin sensitivity estimate. Panel B presents 
result using all stocks with a negative Bitcoin sensitivity estimate. Bitcoin return is calculated using the stock 
market trading day buy-and-hold returns to match the returns in CRSP. The calculation of the Bitcoin returns 
matches the identical trading dates used to compute the daily stock returns. Excess return is the average 
returns in excess of the risk-free rate. Alpha is the intercept from the regression of monthly excess returns on 
risk factors specified by an asset pricing model. The factor models include: the CAPM, the Fama-French three-
factor model, and the Carhart our-factor model. H – L return or Alpha is the return or alpha of a zero-cost 
portfolio that longs the top sensitivity decile portfolio and shorts the bottom sensitivity decile portfolio. The t-
statistics are shown in parentheses are computed based on standard errors with Newey-West corrections. ***, 
**, and, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively, using two-tailed tests. The 
sample period is from August2013 to September 2018, covering total 62 months. 
 
Panel A: Decile portfolio returns based on positive Bitcoin sensitivity stocks  

Equal-weighted returns Value-weighted returns 

 Excess CAPM 3-Factor 4-Factor Excess CAPM 3-Factor 4-Factor 

 Return Alpha Return Alpha Return Alpha Return Alpha 

Low 1.04 -0.04 0.13 0.14 1.16 0.09 0.11 0.15 

 (3.05) (-0.30) (1.01) (1.19) (4.19) (0.96) (1.17) (1.59) 

2 1.01 -0.12 -0.01 -0.01 1.17 0.14 0.16 0.17 

 (2.88) (-0.80) (-0.20) (-0.16) (4.01) (1.63) (1.61) (1.86) 

3 0.88 -0.35 -0.23 -0.21 1.05 -0.07 -0.08 -0.10 

 (2.40) (-2.25) (-2.86) (-2.91) (3.46) (-0.49) (-0.88) (-1.19) 

4 0.95 -0.21 -0.08 -0.04 0.96 -0.23 -0.24 -0.22 

 (3.14) (-1.59) (-0.67) (-0.27) (4.19) (-1.37) (-1.47) (-1.31) 

5 1.08 -0.20 -0.03 -0.01 1.07 -0.13 -0.13 -0.11 

 (2.08) (-0.72) (-0.14) (-0.03) (3.29) (-0.74) (-0.85) (-0.78) 

6 0.86 -0.43 -0.30 -0.27 0.98 -0.23 -0.21 -0.20 

 (2.08) (-1.66) (-2.35) (-2.13) (2.66) (-1.26) (-1.33) (-1.33) 

7 0.92 -0.35 -0.18 -0.17 0.71 -0.55 -0.46 -0.45 

 (1.83) (-1.07) (-1.21) (-1.23) (1.91) (-3.10) (-3.59) (-3.62) 

8 0.50 -0.74 -0.62 -0.59 0.93 -0.40 -0.36 -0.34 

 (0.99) (-1.98) (-2.58) (-2.70) (1.77) (-1.02) (-1.18) (-1.13) 

9 0.56 -0.92 -0.76 -0.65 0.55 -1.03 -0.98 -0.91 

 (0.89) (-1.85) (-1.77) (-1.67) (0.75) (-1.64) (-1.71) (-1.72) 

High -0.34 -1.81 -1.62 -1.49 0.30 -1.41 -1.26 -1.13 

 (-0.51) (-4.16) (-4.75) (-4.58) (0.39) (-2.88) (-3.17) (-2.71) 

H – L  -1.38*** -1.77*** -1.75*** -1.63*** -0.86 -1.50*** -1.37*** -1.28*** 

(t-stat) (-3.58) (-4.49) (-5.35) (-5.26) (-1.53) (-3.17) (-3.70) (-3.26) 
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Table A2 (cont’d) 
 
Panel B: Decile portfolio returns based on negative Bitcoin sensitivity stocks  

Equal-weighted returns Value-weighted returns 

 Excess CAPM 3-Factor 4-Factor Excess CAMP 3-Factor 4-Factor 

 Return Alpha Return Alpha Return Alpha Return Alpha 

Low 0.91 -0.18 -0.06 -0.04 1.07 -0.10 -0.09 -0.08 

 (3.40) (-1.00) (-0.34) (-0.18) (3.95) (-1.64) (-1.36) (-1.24) 

2 1.06 -0.10 -0.02 0.03 1.20 0.15 0.13 0.14 

 (3.37) (-0.59) (-0.12) (0.17) (5.24) (1.68) (1.26) (1.30) 

3 0.90 -0.23 -0.12 -0.10 1.06 -0.11 -0.14 -0.09 

 (2.63) (-1.27) (-1.21) (-0.95) (3.34) (-0.92) (-1.09) (-0.87) 

4 1.21 -0.03 0.09 0.14 1.09 -0.04 -0.04 0.01 

 (3.21) (-0.17) (0.71) (1.35) (4.06) (-0.42) (-0.39) (0.09) 

5 0.99 -0.15 -0.01 0.05 1.11 -0.07 -0.03 0.01 

 (2.41) (-0.82) (-0.07) (0.28) (3.20) (-0.59) (-0.23) (0.10) 

6 1.01 -0.15 -0.03 0.03 1.32 0.18 0.18 0.20 

 (2.34) (-0.64) (-0.16) (0.21) (5.34) (1.74) (1.82) (1.99) 

7 0.83 -0.34 -0.19 -0.13 0.99 -0.08 -0.09 -0.02 

 (1.82) (-1.31) (-0.81) (-0.57) (2.32) (-0.41) (-0.43) (-0.12) 

8 0.85 -0.30 -0.16 -0.04 0.84 -0.29 -0.26 -0.14 

 (1.84) (-0.95) (-0.52) (-0.13) (1.69) (-0.98) (-0.96) (-0.56) 

9 0.59 -0.58 -0.40 -0.28 0.85 -0.34 -0.29 -0.12 

 (1.24) (-1.67) (-1.08) (-0.80) (2.11) (-1.08) (-0.86) (-0.38) 

High -0.05 -1.46 -1.27 -1.04 0.74 -0.66 -0.56 -0.32 

 (-0.09) (-3.36) (-3.28) (-3.00) (1.30) (-1.66) (-1.36) (-1.00) 

H – L  -0.97** -1.28*** -1.20*** -1.00*** -0.33 -0.56 -0.47 -0.24 

(t-stat) (-2.61) (-3.14) (-3.07) (-3.07) (-0.88) (-1.35) (-1.10) (-0.73) 
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Table A3. Fama-MacBeth cross-sectional regressions on positive and negative Bitcoin sensitivity 
 
This table reports the results from Fama-MacBeth return forecasting regressions. All stock characteristics are 
standardized to make the results comparable. Panels A and B show the results based on equal-weighted least 
square (EWLS) and value-weighted least square (VWLS) regressions, respectively. The dependent variable is a 
firm’s monthly return (in percentage). The explanatory variable of interest is either the positive Bitcoin 
sensitivity or negative Bitcoin sensitivity. The control variables include: idiosyncratic volatility (IVOL), the 
logarithm firm of market cap (Ln(SIZE)), the logarithm of book-to-market equity (Ln(B/M)), annually operating 
profitability (OP), total asset growth (TAG), momentum (MOM), maximum daily return (MAX), expected 
idiosyncratic skewness (EIS), Short-term reversal (STR), Amihud illiquidity (ILLIQ), average daily turnover 
(Turnover), and the logarithm of stock price (Ln(Price)). The table reports the time-series monthly averages of 
the estimated coefficients. The t-statistics are shown in parentheses using the Newey and West (1987) 
corrected standard errors with up to twelve lags. ***, **, and, * indicate statistical significance at the 1%, 5%, and 
10% levels, respectively, using two-tailed tests. The sample period is from August2013 to September 2018, 
covering total 62 months. 
 
Panel A: EWLS Fama-MacBeth regression results 

 (1) (2) (3) (4) 

Positive Bitcoin 
sensitivity 

-0.32***  -0.33*** -0.15** 

(-4.27)  (-4.46) (-2.44) 

Negative Bitcoin   -0.24*** -0.27*** -0.12** 

Sensitivity  (-3.28) (-3.50) (-2.40) 

Ln(SIZE) 
 

0.08 0.08 0.04 0.04 
(1.29) (1.31) (0.58) (0.40) 

Ln(B/M) 
 

-0.03 -0.03 -0.05 -0.02 
(-0.29) (-0.26) (-0.37) (-0.21) 

OP 
 

0.39*** 0.40*** 0.38*** 0.31*** 
(3.94) (3.97) (3.80) (4.39) 

TAG 
 

-0.06 -0.06 -0.05 -0.04 
(-0.72) (-0.69) (-0.65) (-0.50) 

MOM 
 

0.24 0.24 0.24 0.24* 
(1.55) (1.64) (1.58) (1.68) 

IVOL    -0.34*** 
    (-3.55) 
MAX 
 

   0.07 
   (0.76) 

EIS 
 

   0.20* 
   (1.84) 

STR 
 

   0.03 
   (0.42) 

ILLIQ 
 

   -0.07** 
   (-2.08) 

Turnover 
 

   -0.30** 
   (-2.65) 

Ln(Price) 
 

   0.15 
   (1.33) 

Intercept 
 

0.79* 0.79* 0.79* 0.79* 
(1.90) (1.90) (1.90) (1.90) 
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Table A3 (cont’d) 
 
Panel B: VWLS Fama-MacBeth regression results 

 (1) (2) (3) (4) 

Positive Bitcoin 
sensitivity 

-0.20**  -0.23* -0.15* 

(-2.20)  (-1.95) (-1.79) 

Negative Bitcoin   -0.05 -0.10 -0.04 

Sensitivity  (-0.70) (-1.09) (-0.54) 

Ln(SIZE) 
 

0.03 0.04 0.01 0.05 
(0.27) (0.37) (0.16) (0.51) 

Ln(B/M) 
 

-0.10 -0.10 -0.11 -0.05 
(-0.89) (-0.88) (-0.91) (-0.50) 

OP 
 

0.22*** 0.23*** 0.22*** 0.20*** 
(3.13) (3.29) (3.08) (3.53) 

TAG 
 

-0.09 -0.09 -0.08 -0.07 
(-0.96) (-0.92) (-0.89) (-0.81) 

MOM 
 

0.25 0.25 0.26 0.32** 
(1.56) (1.56) (1.60) (2.10) 

IVOL    -0.52*** 

    (-3.65) 

MAX 
 

   0.34** 

   (2.45) 

EIS 
 

   0.40*** 

   (3.12) 

STR 
 

   -0.15 

   (-0.98) 

ILLIQ 
 

   -0.18** 

   (-2.39) 

Turnover 
 

   -0.05 

   (-0.39) 

Ln(Price) 
 

   0.09 

   (1.15) 

Intercept 
 

0.83* 0.84* 0.82* 0.90** 
(1.86) (1.87) (1.82) (2.01) 
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Table A4. The effects of Bitcoin factors 
 
This table presents alpha estimates and factor loadings of the long-short ABS portfolio. In each month, all stocks 
are sorted by the absolute Bitcoin sensitivity (ABS) into decile portfolios. We form a zero-cost portfolio that 
longs the bottom ABS decile portfolio and shorts the top ABS decile portfolio. Panel A (Panel B) reports results 
using equal- (value-weighted) portfolios. Alpha is the intercept from the regression of the zero-cost portfolio 
on the respective model’s risk factors. The factors include the Carhart four-factor model plus one of the three 
factors extracted from the Bitcoin market: (1) the monthly Bitcoin excess return (BTC return), (2) the monthly 
change in the hash rate (∆BTC hash rate), and (3) the monthly change in the number of Bitcoin transactions 
(∆BTC transactions). The t-statistics shown in parentheses are based on standard errors with Newey-West 
corrections. ***, **, and, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively, using two-
tailed tests. The sample period is from August 2013 to September 2018, covering a total 62 months.  
 

 Equal-weighted Value-weighted 

 (1) (2) (3) (4) (5) (6) (7) (8) 

Alpha -1.46*** -1.75*** -1.42*** -1.72*** -0.92*** -0.98*** -1.04*** -1.10*** 

 (-4.78) (-5.31) (-4.91) (-5.30) (-3.06) (-2.67) (-3.47) (-2.62) 

BTC return -0.00   -0.00 -0.01***   -0.01*** 

 (-0.80)   (-1.17) (-5.10)   (-3.49) 

∆ BTC hash 
rate 

 0.01  0.01*  -0.00  0.00 

 (1.60)  (1.73)  (-0.16)  (0.55) 

∆ BTC 
transaction  

  -0.01 -0.01   0.01 0.03 

  (-1.06) (-1.04)   (0.32) (0.78) 

MKT 
 

0.17* 0.15 0.16* 0.16 0.30*** 0.27*** 0.26*** 0.31*** 
(1.86) (1.48) (1.79) (1.50) (3.26) (2.77) (2.79) (3.43) 

SMB 
 

0.55*** 0.56*** 0.54*** 0.55*** 0.91*** 0.92*** 0.93*** 0.92*** 
(3.29) (3.42) (3.17) (3.22) (5.81) (6.26) (5.99) (5.67) 

HML 
 

-0.50*** -0.50*** -0.50*** -0.50*** -0.42* -0.43* -0.43* -0.41** 
(-3.47) (-3.57) (-3.56) (-3.62) (-1.86) (-1.83) (-1.87) (-1.97) 

UMD -0.42*** -0.43*** -0.42*** -0.42*** -0.46** -0.47** -0.48** -0.47** 
(-2.91) (-2.99) (-2.94) (-2.98) (-2.30) (-2.35) (-2.30) (-2.19) 
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Table A5. Returns on Bitcoin sensitivity decile portfolios with the extended period  
 
This table reports the average returns or alphas in percentage and the corresponding t-statistics of monthly 
rebalanced equal-weighted and value-weighted stock returns on decile portfolios sorted by their absolute 
Bitcoin sensitivity (ABS). Bitcoin return is calculated using the stock market trading day buy-and-hold returns 
to match the returns in CRSP. The calculation of the Bitcoin returns matches the identical trading dates used to 
compute the daily stock returns. Excess return is the average returns in excess of the risk-free rate. Alpha is the 
intercept from the regression of monthly excess returns on risk factors specified by an asset pricing model. The 
factor models include: the CAPM, the Fama-French three-factor model, and a four-factor model that includes 
Fama-French three factors and Carhart momentum factor. H – L return or Alpha is the return or alpha of a zero-
cost portfolio that longs the top ABS decile portfolio and shorts the bottom ABS decile portfolio. The t-statistics 
are shown in parentheses are computed based on standard errors with Newey-West corrections. ***, **, and, * 
indicate statistical significance at the 1%, 5%, and 10% levels, respectively, using two-tailed tests. The sample 
period is extended back to October 2010 until September 2018, covering total 95 months.   
  

Equal-weighted returns Value-weighted returns 

 Excess CAPM 3-Factor 4-Factor Excess CAPM 3-Factor 4-Factor 

 Return Alpha Return Alpha Return Alpha Return Alpha 

Low 1.22 -0.13 0.04 0.07 1.29 0.05 0.07 0.10 

 (3.79) (-0.88) (0.42) (0.65) (5.00) (0.63) (0.94) (1.31) 

2 1.25 -0.09 0.03 0.05 1.29 0.09 0.10 0.10 

 (3.70) (-0.65) (0.29) (0.56) (4.98) (1.11) (1.17) (1.14) 

3 1.16 -0.25 -0.10 -0.08 1.29 -0.02 -0.03 -0.02 

 (3.36) (-1.73) (-1.34) (-1.14) (4.57) (-0.40) (-0.65) (-0.32) 

4 1.26 -0.19 -0.04 0.01 1.20 -0.14 -0.13 -0.11 

 (3.67) (-1.56) (-0.68) (0.14) (4.37) (-1.39) (-1.29) (-1.13) 

5 1.21 -0.29 -0.11 -0.06 1.28 -0.10 -0.07 -0.02 

 (3.07) (-1.77) (-1.12) (-0.62) (4.39) (-0.98) (-0.69) (-0.22) 

6 1.17 -0.31 -0.12 -0.07 1.29 -0.09 -0.04 -0.02 

 (2.94) (-1.71) (-1.43) (-0.77) (4.40) (-0.75) (-0.45) (-0.25) 

7 1.09 -0.40 -0.20 -0.15 1.03 -0.33 -0.25 -0.22 

 (2.74) (-1.94) (-1.79) (-1.23) (3.02) (-2.17) (-2.09) (-1.76) 

8 1.01 -0.42 -0.24 -0.13 1.14 -0.37 -0.29 -0.19 

 (2.32) (-1.79) (-1.38) (-0.74) (2.71) (-1.95) (-1.98) (-1.26) 

9 0.64 -1.00 -0.77 -0.65 0.98 -0.61 -0.50 -0.37 

 (1.42) (-4.21) (-4.21) (-3.66) (2.16) (-2.31) (-1.97) (-1.45) 

High 0.04 -1.71 -1.47 -1.25 0.59 -1.19 -1.02 -0.75 

 (0.06) (-5.13) (-5.23) (-4.38) (1.05) (-3.54) (-3.37) (-3.00) 

H – L  -1.18*** -1.58*** -1.51*** -1.32*** -0.70** -1.24*** -1.09*** -0.84*** 

(t-stat) (-3.86) (-5.32) (-5.22) (-4.76) (-2.01) (-3.70) (-3.57) (-3.37) 
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Table A6. Decile portfolio returns based on Coin sensitivity using the prominent digital currency 
market daily returns 
 
This table reports the average returns or alphas in percentage and the corresponding t-statistics of monthly 
rebalanced equal-weighted and value-weighted stock returns on decile portfolios sorted by their absolute 
return sensitivity to the whole digital currency market daily returns. The digital currency market return is 
calculated using the value-weighted daily returns of the top 10 digital currencies. We calculate the daily return 
for each coin using the stock market trading day buy-and-hold return. Excess return is the average returns in 
excess of the risk-free rate. Alpha is the intercept from the regression of monthly excess returns on risk factors 
specified by an asset pricing model. The factor models include: the CAPM, the Fama-French three-factor model, 
and the Carhart our-factor model. H – L return or Alpha is the return or alpha of a zero-cost portfolio that longs 
the top sensitivity decile portfolio and shorts the bottom sensitivity decile portfolio. The t-statistics are shown 
in parentheses are computed based on standard errors with Newey-West corrections. ***, **, and, * indicate 
statistical significance at the 1%, 5%, and 10% levels, respectively, using two-tailed tests. The sample period 
starts in Aug 2013 until September 2018, covering total 62 months. 
  

Equal-weighted returns Value-weighted returns 

 Excess CAPM 3-Factor 4-Factor Excess CAPM 3-Factor 4-Factor 

 Return Alpha Return Alpha Return Alpha Return Alpha 

Low 1.09 0.02 0.11 0.14 1.17 0.09 0.09 0.10 

 (3.39) (0.16) (1.14) (1.35) (4.41) (0.94) (0.82) (0.84) 

2 1.01 -0.09 -0.00 0.02 1.12 0.04 0.03 0.03 

 (3.02) (-0.59) (-0.00) (0.26) (3.76) (0.59) (0.52) (0.41) 

3 0.94 -0.21 -0.12 -0.09 0.96 -0.12 -0.14 -0.11 

 (2.81) (-1.40) (-2.42) (-1.79) (3.51) (-1.30) (-1.62) (-1.34) 

4 1.13 -0.08 0.01 0.02 1.06 -0.09 -0.09 -0.04 

 (2.77) (-0.55) (0.09) (0.20) (3.95) (-1.00) (-0.98) (-0.46) 

5 0.95 -0.17 -0.06 -0.01 1.13 0.04 0.05 0.08 

 (2.43) (-0.76) (-0.43) (-0.05) (3.74) (0.55) (0.59) (0.96) 

6 0.88 -0.34 -0.23 -0.18 1.00 -0.21 -0.21 -0.18 

 (2.18) (-1.79) (-1.84) (-1.63) (2.95) (-1.37) (-1.49) (-1.27) 

7 0.68 -0.44 -0.30 -0.23 0.89 -0.21 -0.15 -0.12 

 (1.56) (-1.81) (-2.17) (-1.95) (2.21) (-1.21) (-1.13) (-1.00) 

8 0.91 -0.32 -0.18 -0.09 1.04 -0.19 -0.15 -0.08 

 (1.84) (-1.11) (-0.85) (-0.48) (2.61) (-0.98) (-1.33) (-0.68) 

9 0.47 -0.83 -0.71 -0.63 0.70 -0.57 -0.53 -0.48 

 (0.84) (-2.12) (-2.19) (-2.12) (1.15) (-1.21) (-1.22) (-1.16) 

High -0.39 -1.77 -1.62 -1.43 0.20 -1.33 -1.25 -0.99 

 (-0.62) (-3.85) (-4.32) (-4.29) (0.29) (-2.78) (-3.20) (-3.35) 

H – L  -1.48*** -1.79*** -1.73*** -1.56*** -0.97** -1.42*** -1.34*** -1.09*** 

(t-stat) (-4.33) (-4.75) (-5.18) (-5.44) (-2.09) (-2.70) (-3.12) (-3.25) 
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Table A7. Decile portfolio returns using 1-month, 6-month, and PCA based Bitcoin sensitivity 
 
This table reports the average returns or alphas in percentage and the corresponding t-statistics of monthly 
rebalanced equal-weighted and value-weighted stock returns on decile portfolios sorted by their absolute 
Bitcoin sensitivity (ABS). Bitcoin return is calculated using the stock market trading day buy-and-hold returns 
to match the returns in CRSP. The calculation of the Bitcoin returns matches the identical trading dates used to 
compute the daily stock returns. Alternative ABS measure is estimated either using previous 1 month, 6 months, 
or the PCA measure based on 1-month, 3-month, and 6-month ABS. Excess return is the average returns in 
excess of the risk-free rate. Alpha is the intercept from the regression of monthly excess returns on risk factors 
specified by an asset pricing model. The factor models include: the CAPM, the Fama-French three-factor model, 
and the Carhart our-factor model. H – L return or Alpha is the return or alpha of a zero-cost portfolio that longs 
the top sensitivity decile portfolio and shorts the bottom sensitivity decile portfolio. The t-statistics are shown 
in parentheses are computed based on standard errors with Newey-West corrections. ***, **, and, * indicate 
statistical significance at the 1%, 5%, and 10% levels, respectively, using two-tailed tests. To get the 6-month 
ABS will reduce the sample period, and the sample period is this table starts in Oct 2013 until September 2018, 
covering total 60 months. 
 
 

 
Equal-weighted returns Value-weighted returns 

  Excess CAPM 3-Factor 4-Factor Excess CAPM 3-Factor 4-Factor 

  Return Alpha Return Alpha Return Alpha Return Alpha 

 Low 0.94 -0.22 -0.12 -0.08 1.22 0.13 0.11 0.11 

  (2.79) (-2.10) (-1.78) (-1.32) (4.36) (1.81) (1.45) (1.64) 

1-month High -0.13 -1.46 -1.26 -1.08 0.29 -1.05 -0.93 -0.73 

ABS  (-0.22) (-3.46) (-3.33) (-3.19) (0.70) (-2.70) (-2.27) (-1.69) 

 H – L  -1.07*** -1.24*** -1.14*** -0.99*** -0.93*** -1.18*** -1.03*** -0.84** 
 (t-stat) (-3.22) (-3.24) (-3.16) (-3.03) (-3.23) (-3.20) (-2.74) (-2.06) 
 Low 1.18 0.00 0.13 0.15 1.25 0.16 0.14 0.18 

  (3.54) (0.02) (2.75) (3.21) (4.18) (2.16) (2.97) (3.01) 

6-month High 0.09 -1.40 -1.14 -0.93 0.67 -0.98 -0.79 -0.56 

ABS  (0.15) (-3.96) (-3.79) (-3.56) (1.18) (-3.09) (-3.07) (-2.33) 

 H – L  -1.08*** -1.41*** -1.28*** -1.08*** -0.59 -1.13*** -0.93*** -0.74*** 

 (t-stat) (-3.21) (-4.47) (-4.17) (-4.13) (-1.45) (-3.78) (-3.49) (-2.92) 

 Low 1.10 0.01 0.11 0.12 1.25 0.15 0.13 0.13 

  (4.07) (0.14) (2.54) (2.70) (5.10) (2.27) (2.05) (1.96) 

PCA High -0.20 -1.72 -1.48 -1.24 0.38 -1.34 -1.17 -0.94 

Based  (-0.31) (-4.03) (-3.81) (-3.88) (0.72) (-3.87) (-4.68) (-3.89) 

ABS H – L  -1.30*** -1.73*** -1.59*** -1.36*** -0.87** -1.49*** -1.30*** -1.07*** 

 (t-stat) (-3.01) (-4.19) (-3.93) (-4.02) (-2.12) (-4.23) (-4.98) (-4.39) 
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Table A8. Decile portfolio returns using Dimson Bitcoin sensitivity 
 
This table reports the average returns or alphas and the corresponding t-statistics of monthly rebalanced 
equal-weighted and value-weighted stock returns on decile portfolios sorted by their absolute Bitcoin 
sensitivity (ABS). Bitcoin return is calculated using the stock market trading day buy-and-hold returns to match 
the returns in CRSP. The calculation of the Bitcoin returns matches the identical trading dates used to compute 
the daily stock returns. Following Dimson (1979), we also control for the lead-and-lag bitcoin return into our 
baseline regression, and use the absolute value of the summation of the three coefficients of the lead-lag bitcoin 
returns as the Bitcoin sensitivity. Excess return is the average returns in excess of the risk-free rate. Alpha is 
the intercept from the regression of monthly excess returns on risk factors specified by an asset pricing model. 
The factor models include: the CAPM, the Fama-French three-factor model, and the Carhart our-factor model. 
H – L return or Alpha is the return or alpha of a zero-cost portfolio that longs the top sensitivity decile portfolio 
and shorts the bottom sensitivity decile portfolio. The t-statistics are shown in parentheses are computed based 
on standard errors with Newey-West corrections. ***, **, and, * indicate statistical significance at the 1%, 5%, and 
10% levels, respectively, using two-tailed tests. The sample period starts in Aug 2013 until September 2018, 
covering total 62 months. 
  

Equal-weighted returns Value-weighted returns 

 Excess CAPM 3-Factor 4-Factor Excess CAPM 3-Factor 4-Factor 

 Return Alpha Return Alpha Return Alpha Return Alpha 

Low 1.04 -0.04 0.07 0.12 1.00 -0.05 -0.06 -0.02 

 (3.09) (-0.32) (0.50) (0.95) (3.94) (-0.71) (-0.61) (-0.23) 

2 1.14 0.04 0.17 0.20 1.17 0.11 0.13 0.14 

 (3.12) (0.24) (2.12) (2.97) (4.23) (1.35) (1.54) (1.69) 

3 0.88 -0.23 -0.12 -0.10 1.02 -0.09 -0.12 -0.12 

 (2.93) (-1.89) (-1.76) (-1.57) (3.99) (-1.06) (-1.57) (-1.75) 

4 0.88 -0.28 -0.15 -0.11 0.92 -0.18 -0.17 -0.15 

 (2.29) (-2.11) (-1.29) (-0.98) (2.78) (-1.65) (-1.45) (-1.25) 

5 0.95 -0.18 -0.07 -0.03 1.12 0.02 -0.01 0.01 

 (2.90) (-1.09) (-0.62) (-0.31) (4.24) (0.21) (-0.19) (0.21) 

6 0.80 -0.42 -0.28 -0.24 0.99 -0.23 -0.21 -0.20 

 (2.18) (-2.18) (-3.07) (-2.62) (2.93) (-2.49) (-2.65) (-2.51) 

7 0.92 -0.37 -0.20 -0.14 1.08 -0.15 -0.09 -0.03 

 (1.97) (-1.38) (-1.00) (-0.79) (2.98) (-1.09) (-0.85) (-0.33) 

8 0.82 -0.48 -0.34 -0.27 0.93 -0.30 -0.31 -0.25 

 (1.93) (-1.94) (-2.05) (-1.83) (3.09) (-2.18) (-3.79) (-2.48) 

9 0.42 -0.95 -0.80 -0.73 1.05 -0.35 -0.29 -0.20 

 (0.76) (-2.56) (-2.97) (-2.99) (2.35) (-1.36) (-1.69) (-1.26) 

High 0.02 -1.46 -1.25 -1.05 0.69 -0.89 -0.79 -0.69 

 (0.03) (-3.08) (-3.25) (-3.24) (0.98) (-1.76) (-1.57) (-1.54) 

H – L  -1.02** -1.42*** -1.32*** -1.18*** -0.30 -0.84* -0.74 -0.67 

(t-stat) (-2.44) (-3.68) (-3.99) (-4.03) (-0.59) (-1.80) (-1.39) (-1.38) 
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Table A9. Decile portfolio returns using different weighting method 
 
This table reports the average returns or alphas and the corresponding t-statistics of monthly rebalanced 
equal-weighted and value-weighted stock returns on decile portfolios sorted by their absolute Bitcoin 
sensitivity (ABS). Following Asparouhova et al. (2010), we adjust the equal-weighted portfolio return by the 
individual stock’s raw return in the previous month. Following standard convention, we cap the maximum 
weight of any individual stock at 5% in the calculation of the value-weighted portfolios. Excess return is the 
average returns in excess of the risk-free rate. Alpha is the intercept from the regression of monthly excess 
returns on risk factors specified by an asset pricing model. The factor models include: the CAPM, the Fama-
French three-factor model, and the Carhart our-factor model. H – L return or Alpha is the return or alpha of a 
zero-cost portfolio that longs the top sensitivity decile portfolio and shorts the bottom sensitivity decile 
portfolio. The t-statistics are shown in parentheses are computed based on standard errors with Newey-West 
corrections. ***, **, and, * indicate statistical significance at the 1%, 5%, and 10% levels, respectively, using two-
tailed tests. The sample period starts in Aug 2013 until September 2018, covering total 62 months. 
  

Weighted by the previous month raw return Value-weighted capped at 5% 

 Excess CAPM 3-Factor 4-Factor Excess CAPM 3-Factor 4-Factor 

 Return Alpha Return Alpha Return Alpha Return Alpha 

Low 0.98 -0.12 0.02 0.04 1.13 0.01 0.03 0.05 

 (3.14) (-1.02) (0.20) (0.33) (4.11) (0.10) (0.33) (0.64) 

2 0.98 -0.13 -0.05 -0.02 1.13 0.10 0.09 0.09 

 (3.12) (-0.80) (-0.51) (-0.21) (4.62) (2.16) (1.91) (1.87) 

3 0.96 -0.20 -0.09 -0.08 1.14 -0.02 -0.05 -0.04 

 (2.83) (-1.28) (-1.20) (-1.10) (3.72) (-0.28) (-1.24) (-0.91) 

4 1.11 -0.09 0.02 0.07 1.03 -0.15 -0.15 -0.12 

 (3.23) (-0.77) (0.29) (1.15) (3.80) (-1.20) (-1.31) (-1.05) 

5 1.03 -0.18 -0.04 -0.01 1.11 -0.05 -0.04 -0.00 

 (2.31) (-0.88) (-0.24) (-0.04) (3.86) (-0.57) (-0.37) (-0.05) 

6 0.91 -0.29 -0.15 -0.11 1.12 -0.05 -0.03 -0.01 

 (2.18) (-1.31) (-1.30) (-1.08) (3.57) (-0.34) (-0.29) (-0.07) 

7 0.87 -0.34 -0.19 -0.14 0.90 -0.22 -0.17 -0.14 

 (2.01) (-1.33) (-1.17) (-0.98) (2.44) (-1.54) (-1.25) (-1.11) 

8 0.76 -0.39 -0.26 -0.17 0.86 -0.36 -0.32 -0.23 

 (1.49) (-1.14) (-0.96) (-0.71) (1.78) (-1.31) (-1.46) (-1.12) 

9 0.52 -0.85 -0.66 -0.56 0.72 -0.62 -0.55 -0.43 

 (1.02) (-2.52) (-2.22) (-2.08) (1.43) (-1.68) (-1.51) (-1.29) 

High -0.23 -1.68 -1.50 -1.31 0.25 -1.37 -1.23 -1.03 

 (-0.37) (-3.75) (-4.23) (-4.33) (0.37) (-3.20) (-3.71) (-3.92) 

H – L 1.22*** 1.55*** 1.53*** 1.35*** 0.89* 1.38*** 1.26*** 1.08*** 

 (3.28) (3.62) (4.22) (4.49) (1.95) (3.10) (3.66) (3.93) 
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Appendix 3. Definitions and constructions of other 26 anomalies 
 
Size (Size): The size effect, which is first documented by Banz (1981) and Reinganum (1981). They 
show that small firms have higher returns than larger firms. Fama and French (1992) promote this 
factor as a systematic risk factor in their three-factor model. Following previous literature, Size is 
defined as the logarithm of the firm’s market capitalization, which is calculated as the product of the 
number of shares outstanding and the share price. Size is updated monthly, and for month t, market 
capitalization at the end of month t-1 is used. 
 
Book-to-market ratio (B/M): The value effect, which is another factor in the Fama-French three-
factor model. Fama and French (1992) find that stocks with higher 𝐵/𝑀 have higher future returns. 
Following Fama and French (1992), the market value (𝑀𝐸) is equal to 𝐶𝑆𝐻𝑂 × 𝑃𝑅𝐶𝐶_𝐶, where 𝐶𝑆𝐻𝑂 
is the number of shares outstanding and 𝑃𝑅𝐶𝐶_C is the stock price at the end of the calendar year t-
1. Book value (BE) is estimated as SEQ, adjusted by preferred stock and deferred tax. If BE is missing, 
we supplement it by using 𝐴𝑇 –  𝐿𝑇, where 𝐴𝑇 is total assets and 𝐿𝑇 is total liabilities. The portfolio 
based on 𝐵/𝑀 is rebalanced every year at the end of June. 
 
Earrings-to-price ratio (E/P): 𝐸/𝑃 is defined as: 

 𝐸/𝑃 =
𝐼𝐵

𝑀𝐸
,  

where 𝐼𝐵 is total earnings before extraordinary items, 𝑀𝐸 is the market value of equity as defined in 
𝐵/𝑀. Basu (1977; 1983) finds that stocks with higher 𝐸/𝑃 have higher future returns. The portfolio 
based on 𝐸/𝑃 is rebalanced every year at the end of June. 
 
Cash flow-to-price ratio (C/P): Following Ball (1978), 𝐶/𝑃 is defined as: 

 𝐶/𝑃 =
𝐼𝐵 + 𝐸𝐷𝑃 + 𝑇𝑋𝐷𝐼

𝑀𝐸
,  

where 𝐼𝐵 is total earnings before extraordinary items, 𝑀𝐸 is the market value of equity as defined in 
the 𝐵/𝑀 characteristic. 𝑇𝑋𝐷𝐼 is the deferred taxes. 𝐸𝐷𝑃 is the equity share depreciation, and 𝐸𝐷𝑃 =

𝑀𝐸

𝑀𝐸+𝐴𝑇−𝐵𝐸
𝐷𝑃  with 𝐷𝑃  for the depreciation and amortization. The portfolio based on 𝐶/𝑃  is 

rebalanced every year at the end of June. 
 
Market beta (Beta): 𝐵𝑒𝑡𝑎 measures the firm’s market risk exposure. Baker, Bradley, and Wurgler 
(2011) and Frazzini and Pedersen (2014) find that high beta stocks earn lower future returns. 𝐵𝑒𝑡𝑎 
is defined as the slope from the following regression: 

 𝑅𝑖,𝑡 − 𝑅𝑓𝑡 = 𝛼 + 𝛽(𝑅𝑀,𝑡 − 𝑅𝑓𝑡) + 𝜀𝑖,𝑡 ,  

where 𝑅𝑖,𝑡 is the monthly stock return on firm i, 𝑅𝑓𝑡 is the risk free rate, measured by the 1-month 

Treasury bill rate. 𝑅𝑀,𝑡 is the market factor, measured by the value-weighted monthly CRSP common 
stocks. Beta is estimated based on a rolling-window period. For each month t, the monthly stock 
returns during month t-60 to month t-1 are used to estimate Beta. If the firm has less than 30 
observations during the estimating period, Beta is set to be missing. The portfolio based on Beta is 
rebalanced monthly at the end of every month. 
 
Momentum (MOM): MOM is the cumulative return over the previous 13 months excluding the last 
month: 
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 𝑀𝑂𝑀𝑡 = ∏ (1 + 𝑅𝑠) − 1

𝑡−2

𝑠=𝑡−13

,  

where 𝑅𝑠 is the stock return in month s. The portfolio based on 𝑀𝑂𝑀 is rebalanced monthly at the 
end of every month. Jegadeesh and Titman (1993) and Chui, Titman, and Wei (2010) document that 
stocks with high past returns continue to outperform stocks with low-past-returns in the U.S. and 
most of developed markets. 
 
Long-term reversal (LTR): 𝐿𝑇𝑅 is constructed as the cumulative return over the previous 5 years 
excluding the last year: 

 𝐿𝑇𝑅𝑡 = ∏ (1 + 𝑅𝑠) − 1

𝑡−13

𝑠=𝑡−60

,  

where 𝑅𝑠 is the stock return in month s. The portfolio based on 𝐿𝑇𝑅 is rebalanced monthly at the end 
of every month. DeBondt and Thaler (1985) find that stock returns demonstrate a mean-reverting 
process over a long horizon of 3 to 5 years. 
 
Short-term reversal (STR): Jegadeesh (1990) finds that past month (month t-1) returns are 
negatively associated with current month (month t) returns. Similar to the construction of LTR, STR 
is constructed as the return in the last month: 

 𝑆𝑇𝑅𝑡 = 𝑅𝑡−1,  

where 𝑅𝑡−1 is the stock return in month t-1. The portfolio based on 𝐿𝑇𝑅 is rebalanced monthly at the 
end of every month. 
 
Idiosyncratic volatility (IVOL): Ang, Hodrick, Xing, and Zhang (2006) document that stocks with 
higher idiosyncratic volatility earn lower future stock returns. Following them, 𝐼𝑉𝑂𝐿 is defined as the 
standard deviation of the residuals (𝜀𝑖,𝑡) from the following regression: 

 𝑅𝑖,𝑡 − 𝑅𝑓𝑡 = 𝛼 + 𝛽𝑀𝐾𝑇𝑡 + 𝛾𝑆𝑀𝐵𝑡 + δ𝐻𝑀𝐿𝑡 + 𝜀𝑖,𝑡 ,  

where 𝑅𝑖,𝑡 is the daily stock return on firm i, 𝑅𝑓𝑡 is the risk-free rate, measured by the daily Treasury 

bill rate. 𝑀𝐾𝑇𝑡, 𝑆𝑀𝐵𝑡, and 𝐻𝑀𝐿𝑡 are the three risk factors in the Fama-French three-factor model. 
𝐼𝑉𝑂𝐿 is estimated based on a rolling-window period. For each month t, the daily stock returns in 
month t-1 are used. IVOL is the standard deviation of the residuals from the regression. If the firm 
has less than 15 observations during the estimating period, 𝐼𝑉𝑂𝐿 is set to be missing. The portfolio 
based on 𝐼𝑉𝑂𝐿 is rebalanced monthly at the end of every month. 
 
Max daily return in last month (MAX): 𝑀𝐴𝑋 is simply the maximum daily return in the last month. 
The portfolio based on 𝑀𝐴𝑋 is rebalanced monthly at the end of every month. Similar to the short-
term reversal effect, Bali, Cakici, and Whitelaw (2011) find that 𝑀𝐴𝑋 negatively predicts future stock 
returns. 
 
Asset growth (TAG): Cooper, Gulen, and Schill (2008), Titman, Wei, and Xie (2013), and Mao and 
Wei (2016) document a strong negative relation between a firm’s total asset growth and future stock 
returns. Following these studies, 𝑇𝐴𝐺  is constructed as: 𝑇𝐴𝐺𝑡 = (𝐴𝑇𝑡−1 − 𝐴𝑇𝑡−2)/𝐴𝑇𝑡−2 . The 
portfolio based on AG is rebalanced every year at the end of June. 
 
Abnormal capital investment (CI): Titman, Wei, and Xie (2004) document that firms that invest 
more earn lower future stock returns. Following them, CI is defined as: 
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 𝐶𝐼𝑡 =
3𝐶𝐸𝑡−1

𝐶𝐸𝑡−2 + 𝐶𝐸𝑡−3 + 𝐶𝐸𝑡−4
− 1,  

where CE is the capital expenditures scaled by sale and is defined as 𝐶𝐸 =  𝐶𝐴𝑃𝑋/𝑆𝐴𝐿𝐸 . The 
portfolio is rebalanced every year at the end of June. 
 
Investment growth (IG): This measure is another proxy for the investment growth effect. Following 
Xing (2008) and Mao and Wei (2016), 𝐼𝐺 is defined as: 

 𝐼𝐺𝑡 =
𝐶𝐴𝑃𝑋𝑡

𝐶𝐴𝑃𝑋𝑡−1
− 1,  

where 𝐶𝐴𝑃𝑋 is the capital expenditures. The portfolio is rebalanced every year at the end of June. 
 
Investment-to-asset ratio (I/A): Following Lyandres, Sun, and Zhang (2007), 𝐼/𝐴 is defined as: 

 𝐼/𝐴𝑡 =
𝐼𝑁𝑉𝑇𝑡−1 + 𝑃𝑃𝐸𝐺𝑇𝑡−1 − 𝐼𝑁𝑉𝑇𝑡−2 − 𝑃𝑃𝐸𝐺𝑇𝑡−2

𝐴𝑇𝑡−2
,  

where 𝐼𝑁𝑉𝑇 is inventories, 𝑃𝑃𝐸𝐺𝑇 is gross property, plant, and equipment. 𝐴𝑇 is total assets. The 
portfolio is rebalanced every year at the end of June. 
 
Investment-to-capital ratio (I/K): Following Xing (2008), 𝐼/𝐾 is defined as: 

 𝐼/𝐾𝑡 =
𝐶𝐴𝑃𝑋𝑡−1

𝑃𝑃𝐸𝑁𝑇𝑡−1
,  

where 𝐶𝐴𝑃𝑋 is the capital expenditures and 𝑃𝑃𝐸𝑁𝑇 is the net property, plant, and equipment. The 
portfolio is rebalanced every year at the end of June. 
 
Accruals (ACC): Sloan (1996) and Mao and Wei (2016) document that firms with higher accruals 
earn lower expected future return. Following them, 𝐴𝐶𝐶 is defined as: 

 𝐴𝐶𝐶𝑡 =
(∆𝐴𝐶𝑇𝑡−1 − ∆𝐶𝐻𝐸𝑡−1) − (∆𝐿𝐶𝑇𝑡−1 − ∆𝐷𝐿𝐶𝑡−1 − ∆𝑇𝑋𝑃𝑡−1) − 𝐷𝑃𝑡−1

𝐴𝑇𝑡−2
,  

where 𝐴𝐶𝑇 is total current assets, 𝐶𝐻𝐸  is the cash and cash-equivalent item, 𝐿𝐶𝑇 is total current 
liabilities, 𝐷𝐿𝐶 is debt in current liabilities, 𝑇𝑋𝑃 is income taxes payable (if any), 𝐷𝑃 is depreciation 
and amortization (if any), and AT is total assets. For each variable X, ΔX is the change compared with 
the previous fiscal year. The portfolio is rebalanced every year at the end of June. 
 
Net operating assets (NOA): Hirshleifer et al. (2004) document firms with high operating assets 
earn low expected future returns. Following them, NOA is defined as: 

 𝑁𝑂𝐴𝑡 =
𝑂𝐴𝑡−1 − 𝑂𝐿𝑡−1

𝐴𝑇𝑡−2
,  

where 

 
𝑂𝐴𝑡−1 = 𝐴𝑇𝑡−1 − 𝐶𝐻𝐸𝑡−1, and 
𝑂𝐿𝑡−1 = 𝐴𝑇𝑡−1 − 𝐷𝐿𝐶𝑡−1 − 𝐷𝐿𝑇𝑇𝑡−1 − 𝑀𝐼𝐵𝑡−1 − 𝑃𝑆𝑇𝐾𝑡−1 − 𝐶𝐸𝑄𝑡−1, 

 

and AT is total assets, CHE is the cash and cash-equivalent items, DLC is debt in current liabilities, 
DLTT is total long-term debt, MIB is minority interest (if any), PSTK is preferred stock (if any), and 
CEQ is total common equity. The portfolio is rebalanced every year at the end of June. 
 
Net stock issuance (NSI): Fama and French (2008), Pontiff and Woodgate (2008), and McLean, 
Pontiff, and Watanabe (2009) document that the change in the number of shares outstanding is 
negatively related to future stock returns. Following these studies, NSI is defined as: 
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 𝑁𝑆𝐼𝑡 = log (
𝑆𝐴𝑆𝑂𝑡−1

𝑆𝐴𝑆𝑂𝑡−2
),  

where 𝑆𝐴𝑆𝑂 =  𝐶𝑆𝐻𝑂 × 𝐴𝐽𝐸𝑋, is the split-adjusted shares outstanding in fiscal year t, CSHO is the 
number of shares outstanding, AJEX is the cumulative adjustment factor. If the value is 0, NS is set to 
be missing. The portfolio is rebalanced every year at the end of June. 
 
Composite stock issuance (CSI): Daniel and Titman (2006) and Fama and French (2008) find that 
firms with higher CSI earn lower future risk-adjusted returns. CSI includes any actions that increase 
share issuance minus any actions that reduce share issuance. The portfolio is rebalanced every year 
at the end of June. 
 
Returns on assets (ROA): ROA is an important profitability measure. Novy-Marx (2013) shows that 
stocks with high ROA earn higher future returns. Following Novy-Marx, 𝑅𝑂𝐴𝑡  is defined as 
𝐼𝐵𝑡−1/𝐴𝑇𝑡−2 , where IB is annual income before extraordinary items, and AT is total assets. The 
portfolio is rebalanced annually at the end of June. 
 
Returns on equity (ROE): ROE is another important profitability measure. Following Fama and 
French (2006, 2008), 𝑅𝑂𝐸𝑡  is defined as (IBt-1 – DVPt-1 + TXDIt-1)/BEt-2, where IB is the quarterly 
income before extraordinary items, DVP is the preferred dividends (if any), TXDI is the deferred taxes 
(if any), and BE is the quarterly book value of equity as defined in B/M. The portfolio is rebalanced 
annually at the end of June. 
 
Leverage (LEV): Bhandari (1988) documents that high-leverage firms earn higher future stock 
returns. Following Bhandari, LEV is defined as (AT - CEQ)/ME. The portfolio is rebalanced every year 
at the end of June. 
 
O score (O-score): Following Ohlson (1980), the O score is calculated as: 

 
𝑂-𝑠𝑐𝑜𝑟𝑒𝑡 = −1.32 − 0.407 𝐿𝑛(𝐴𝑇𝑄𝑡) + 6.03𝑇𝐿𝑇𝐴𝑡 − 1.43𝑊𝐶𝑇𝐴𝑡 + 0.076𝐶𝐿𝐶𝐴𝑡 
                       −1.72𝑂𝐸𝑁𝐸𝐺𝑡 − 2.37𝑁𝐼𝑇𝐴𝑡 − 1.83𝐹𝑈𝑇𝐿𝑡 + 0.285𝐼𝑁𝑇𝑊𝑂𝑡 − 0.521𝐶𝐻𝐼𝑁𝑡 

 
where 𝐴𝑇𝑄𝑡 is total asset. 𝑇𝐿𝑇𝐴𝑡  =  (𝐷𝐿𝐶𝑄𝑡 + 𝐷𝐿𝑇𝐼𝑄𝑡)/𝐴𝑇𝑄𝑡−1 is total liabilities divided by lagged 
total asset, where 𝐷𝐿𝐶𝑄𝑡 is debt in current liabilities, and 𝐷𝐿𝑇𝑇𝑄𝑡 is total long term debt. 𝑊𝐶𝑇𝐴𝑡 =
(𝐴𝐶𝑇𝑄𝑡 − 𝐿𝐶𝑇𝑄𝑡)/𝐴𝑇𝑄𝑡 − 1 is working capital scaled by lagged total assets, where 𝐴𝐶𝑇𝑄𝑡 is current 
assets and 𝐿𝐶𝑇𝑄𝑡 is current liabilities. 𝐶𝐿𝐶𝐴𝑡 = 𝐿𝐶𝑇𝑄𝑡/𝐴𝐶𝑇𝑄𝑡 is the ratio of current liabilities and 
current assets. 𝑂𝐸𝑁𝐸𝐺𝑡  is 1 if total liabilities (𝐿𝑇𝑄𝑡) exceeds total assets (𝐴𝑇𝑄𝑡) and 0 otherwise. 
𝐶𝐻𝐼𝑁𝑡 = (𝑁𝐼𝑄𝑡 − 𝑁𝐼𝑄𝑡−1)/(|𝑁𝐼𝑄𝑡| + |𝑁𝐼𝑄𝑡−1|)  is the level-adjusted change in net income. The 
portfolio is rebalanced quarterly. 
 
Turnover ratio (TO): TO is defined as the number of shares traded divided by the total share 
outstanding. Datar, Naik, and Radcliffe (1998) find that stocks with high TO earn lower future stock 
returns. The portfolio is rebalanced monthly. 
 
Analysts’ forecast dispersion (DISP): Following Diether, Malloy, and Scherbina (2002), the 
analyst dispersion is defined as the standard deviation of I/B/E/S next quarter earnings forecasts 
divided by the absolute value of mean earnings forecast. 
 
Expected idiosyncratic skewness (EIS): Following Boyer, Mitton, and Vorkink (2010), we 
construct the EIS measure. The details can be found on Brian Boyer’s website 
(http://boyer.byu.edu/Research/skew/skewmethodology.pdf). 

http://boyer.byu.edu/Research/skew/skewmethodology.pdf
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