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A1. Additional characteristics of the short interest ratio 

Table A.1 reports the short interest ratio (SIR) of our sample stocks, the proportion of the industry and 

non-industry ETF in each SIR quintile group, and the persistence of SIR on the industry ETF. Those 

additional empirical regularities further show the uniqueness of the industry ETF short interest. 

[Insert Table A.1 Here] 

  A1.1. Stock level short interest ratio 

      Panel A of Table A.1 shows that the distribution of short interest of stocks appears to be similar 

regardless of the industry ETF membership. Meanwhile, Panel B shows that industry ETFs indeed have 

higher SIR than non-industry ETFs. Sorting all ETFs into quintiles based on SIR, we find that industry 

ETFs are more likely to be in the top quintile, whereas non-industry ETFs are more likely to fall into 

the bottom quintile. For example, within the top quintile of SIR, 59% are industry ETFs; while 84% 

within the bottom quintile are non-industry ETFs. 

  A1.2. Persistence of ETF short interest 

      Panel C of Table A.1 examines the persistence of SIR on the industry ETF. Specifically, industry 

ETFs that are in the high SIR quintile are more likely to remain in the high SIR quintile in the following 

month (the likelihood is 88% based on the Markov transition estimate). 

 

A2. Negative SUE 

In our main tables, we focus on positive SUE. In this section, we turn our focus to negative SUE defined 

as the bottom 25% of our sample. Our results on negative SUE provide a complete picture regarding 

how investors use the industry ETF. 

      While Table 2 shows that industry ETFs are used to hedge long positions in stocks, industry ETFs 

could also be used to hedge short positions in stocks before bad news. In Table A.2, we provide evidence 

on hedging activity with the industry ETF for negative news. Specifically, we examine the relationship 

between hedging activity, such as the “short-the-stock/long-the-ETF” strategy and negative SUE. To 

identify the “short-the-stock/long-the-ETF” hedging, we construct Dummy_SL which is a dummy 

variable constructed prior to the earnings announcement. It takes one if both the abnormal SIR of a stock 

and abnormal hedge fund holdings of the stock’s parent industry ETF are above the sample 80th 

percentile, and zero otherwise. 

      We regress Dummy_SL on the negative SUE dummy (Dummy_Neg_SUE) as follows: 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 = 𝛽𝛽1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑁𝑁𝑁𝑁𝑁𝑁_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆

+ 𝑆𝑆𝐸𝐸𝐹𝐹 𝐹𝐹𝑆𝑆 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑖𝑖,𝑠𝑠,𝑡𝑡 . 

(A1) 

      As shown in Table A.2, the relation between Dummy_Neg_SUE and Dummy_SL is positively 

significant, suggesting there exists “short-the-stock/long-the-ETF” hedging activity before negative 

news. Table 2 and Table A.2 together show that the industry ETF is used as a hedging vehicle for 

building positions to bet on both positive and negative SUE. 
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[Insert Table A.2 Here] 

 

A3. Firm characteristics in the diff-in-diff analysis of Table 5 

Table A.3 compares pre-inception firm characteristics of the treatment and control group in the diff-in-

diff analysis of Table 5. Overall, in the comparison of the treatment and control group, we do not find 

significant differences in characteristics related to firms’ informational environment, such as firm size 

and institutional ownership. Meanwhile, treatment group stocks have significantly larger industry risk 

exposure than control group stocks. 

[Insert Table A.3 Here] 

 

A4. Industry ETF inception effect on return comovement 

Table 7 shows that the inception of industry ETF reduces the arbitrage risk for member stocks through 

a diff-in-diff analysis. We also examine whether the inception of industry ETF leads to increased return 

comovement among member stocks. Specifically, based on the diff-in-diff sample of Table 7, we replace 

the original outcome variable (arbitrage risk) by return comovement of industry ETF member stocks. 

We find that the inception of the industry ETF increases the return comovement among member stocks.  

[Insert Table A.4 Here] 

 

A5. Various robustness checks 

This section performs various robustness checks: 1). robustness checks for Table 2 with alternative 

definitions of key variables and alternative samples of industry ETFs; 2). alternative regression 

specifications to examine the correlation between hedge fund trading on stocks and the shorting on the 

ETF before positive news; 3). robustness checks for Table 5 with alternative definitions of key variables 

and alternative samples of industry ETFs; 4). directly examining the impact of hedging activity on 

PEAD; 5). replicating the impact of the industry ETF membership on PEAD under full (unmatched) 

sample and a placebo test based on the effect of the non-industry ETF membership on PEAD; 6). 

robustness checks for Table 3 and Table 6 using alternative definitions of industry risk exposure. 

  A5.1. Robustness check for Table 2 

        In Table 2, we find a positive association between long-short activity (Dummy_LS) and subsequent 

positive earnings surprises (Dummy_Pos_SUE). To show the robustness, we replicate Table 2 with 

alternative definitions for Dummy_LS, Dummy_Pos_SUE, and alternative samples of industry ETFs.  

[Insert Table A.5.1 Here] 

        In Panel A of Table A.5.1, we define Dummy_LS using different cut-offs of stock AHF and 

industry ETF ASIR. In column [5] of Panel B, we define Dummy_Pos_SUE based on the analyst-based 

SUE. Specifically, we compute the analyst-based SUE as the difference between actual earnings per 
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share (EPS) and the median forecasted EPS normalized by the quarter-end stock price. The results are 

unchanged under the above alternative definitions of key variables. 

In addition, we repeat Table 2 using alternative industry ETF samples. To define an industry ETF 

in our main results, we require the industry the ETF invests the most (the dominating industry) should 

take at least 30% of the portfolio holdings and the ETF should consist of at least 30 stocks. In Panel B 

of Table A.5.1, we use four alternative definitions to generate the list of industry ETFs: 1). we require 

that the dominating industry take at least 30% of the ETF portfolio holdings and relax the restriction of 

“at least 30 stocks in the ETF portfolio”; 2). we require that the dominating industry take at least 25% 

of the ETF portfolio holdings and require at least 30 stocks in the ETF portfolio; 3). we require that the 

dominating industry take at least 40% of the ETF portfolio holdings and require at least 30 stocks in the 

ETF portfolio; 4). we require that the dominating industry take at least 30% of the ETF portfolio 

holdings and require at least 30 stocks in the dominating industry of the industry ETF. The results are 

unchanged under alternative definitions of industry ETFs. 

    A5.2. Conditional correlation between abnormal hedge fund holdings and ETF short interest 

      Besides exploring “long-the-stock/short-the-ETF” hedging activity before positive news, we also 

use alternative regression specifications to examine the correlation between hedge fund trading on 

stocks and the shorting on the ETF before positive news:  

𝐴𝐴𝐴𝐴𝐹𝐹𝑖𝑖,𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡

+ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑆𝑆𝐸𝐸𝐹𝐹 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡 , 

(A2) 

where 𝐴𝐴𝐴𝐴𝐹𝐹𝑖𝑖,𝑠𝑠,𝑡𝑡 (𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡) is hedge fund abnormal holdings of ETF i’s member stock s (SIR on ETF i) prior 

to the earnings announcement. 𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡  examines the contemporaneous 

correlation between shorting on an ETF and hedge fund trading on its member stock, conditioning on 

if the stock has positive SUE in the forthcoming announcement. 

[Insert Table A.5.2 Here] 

      As reported in Table A.5.2, the interaction term is positively significant, implying that short interest 

in the industry ETF increases with abnormal hedge fund holdings on the constituent with positive SUE. 

For other constituent stocks (e.g., those with non-positive SUE), such correlation does not exist. In 

column [4], we use non-hedge fund holdings as a placebo test and do not find such patterns.  This 

conditional contemporaneous correlation provides another direct evidence on the “long-the-

stock/short-the-ETF” strategy to bet on positive firm-specific information.  

A5.3. Robustness check for Table 5 

        In Table 5, we show the industry ETF inception effect on PEAD through the diff-in-diff analysis. 

To show the robustness, we repeat Table 5 with alternative samples of industry ETFs and alternative 

definitions of earnings surprises.  

[Insert Table A.5.3 Here] 



4 
 

In columns [1]-[8] of Table A.5.3, we repeat Table 5 using alternative industry ETF samples (see 

Section A5.1). We find a significant reduction effect of industry ETF inception on PEAD using the 

alternative definitions of industry ETFs. In columns [9]-[10] of Table A.5.3, we use analyst-based SUE 

to define SUE_Rank and find similar results as Table 5. 

  A5.4. “Long-the-stock/short-the-ETF” and PEAD 

      In this subsection, we directly examine how hedging activity, “long-the-stock/short-the-ETF”, 

affects PEAD. Specifically, we run the regression as follows: 

𝐶𝐶𝐴𝐴𝑆𝑆(1,𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡

+  𝛽𝛽3𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆

+  𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡 . 

(A3) 

Table A.5.4 reports the result. We find the coefficient on the interaction term 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 ×

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡  is significantly negative, suggesting a reduction effect on PEAD. Table A.5.4 

complements our findings in Tables 4 and 5 by providing direct evidence on the channel in which 

“long-the-stock/short-the-ETF” activity reduces PEAD. 

[Insert Table A.5.4 Here] 

  A5.5. Further tests for the industry ETF membership effect on PEAD  

      In Table 4, we use propensity score matching to control firm characteristics between the ETF 

member and non-member stock. In Table A.5.5, we conduct two additional tests to support the findings 

in Table 4.  

First, in columns [1]-[2] of Table A.5.5, we use the sample before matching and show that industry 

ETF reduces PEAD on member stocks. This suggests that our results in Table 4 are not due to the PSM 

approach.  

[Insert Table A.5.5 Here] 

      Second, to show that the reduction effect on PEAD is unique to the industry ETF, we use the non-

industry ETF membership as a placebo test. We run a similar regression as in columns [1]-[2] of Table 

A.5.5 but replace industry ETF membership with non-industry ETF membership. As shown in columns 

[3]-[4], non-industry ETF membership does not reduce PEAD. In other words, the PEAD reduction 

effect is unique with industry ETF membership. 

A5.6. Alternative definition of industry risk exposure and long-short activity 

      In Table 3, we show that the positive association between long-short activity and subsequent 

positive earnings surprises is higher among stocks with high industry risk exposure. The definition of 

industry risk exposure is as follows. We first estimate the industry ETF beta for each member stock 

using daily returns in our sample period based on the following regression model: 

𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝑆𝑆𝐶𝐶𝑘𝑘𝑡𝑡 = 𝛽𝛽1𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝐼𝐼𝐶𝐶𝐼𝐼𝑆𝑆𝐸𝐸𝐹𝐹𝑡𝑡 + 𝛽𝛽2𝑀𝑀𝑘𝑘𝐶𝐶𝑆𝑆𝑀𝑀𝑡𝑡 + 𝜖𝜖𝑡𝑡 , (A4) 

where 𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝑆𝑆𝐶𝐶𝑘𝑘𝑡𝑡 is the daily excess return of the stock, 𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝐼𝐼𝐶𝐶𝐼𝐼𝑆𝑆𝐸𝐸𝐹𝐹𝑡𝑡 is the daily excess return of 

the parent industry ETF, and 𝑀𝑀𝑘𝑘𝐶𝐶𝑆𝑆𝑀𝑀𝑡𝑡 is the daily excess return of CRSP value-weighted market return. 
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After that, we compute industry risk exposure for an ETF-stock pair as the product of the estimated 𝛽𝛽1 

and the standard deviation of 𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝐼𝐼𝐶𝐶𝐼𝐼𝑆𝑆𝐸𝐸𝐹𝐹𝑡𝑡. 

      As a robustness check, we define industry risk exposure as the 𝛽𝛽1  estimated from the above 

regression and re-conduct the subsample analysis in Table 3. Table A.5.6 shows that the patterns in 

Table 3 are unchanged for this alternative definition of industry risk exposure. 

[Insert Table A.5.6 Here] 

A5.7. Alternative definition of industry risk exposure and PEAD 

      Based on the alternative definition of industry risk exposure in section A5.6, we examine the 

robustness of the diff-in-diff analysis in Table 5. Table A.5.7 shows that industry ETF inception effects 

on PEAD are unchanged for the alternative definition of industry risk exposure. 

[Insert Table A.5.7 Here] 

 

A6. Other related results on “long-the-stock/short-the-ETF” hedging activity 

We provide additional evidence on “long-the-stock/short-the-ETF” hedging activity and its reduction 

effect on PEAD in this section. We first split stocks into subsamples consisting of high or low relative 

shorting cost between pair stocks and industry ETFs. After that, we re-examine hedging activity and 

the reduction effect on PEAD for each subsample. We find hedging activity with the industry ETF and 

the PEAD reduction effect are most pronounced among stocks whose pair stocks have high shorting 

cost relative to industry ETFs.  

  A6.1. Stocks with high vs. low shorting costs relative to industry ETFs 

      Our main hypothesis is that the industry ETF is used to hedge industry risk. Besides industry ETFs, 

investors could also use stocks in the same industry (e.g., pair trading) to hedge industry risk. In this 

sense, pair stocks and industry ETFs are substitutes. To what extent the latter is more efficient than the 

former depends on their relative shorting costs. For example, for one stock, if its pair stocks have higher 

shorting costs relative to the industry ETF, shorting the industry ETF is more cost-effective. Hence, we 

hypothesize that “long-the-stock/short-the-ETF” hedging activity is more pronounced in this type of 

target stocks. 

      To test this hypothesis, we split stocks based on their pair stocks’ relative shorting cost (to the 

industry ETF) into the low and high groups, and carry out subsample analysis. To define pair stocks at 

each month, we compute the pair-wise return correlation among stocks in the same industry using daily 

returns in the previous year. For each stock, we define the top 10 stocks with the highest return 

correlation as its pair stocks. We measure the shorting cost by DCBS (Daily Cost of Borrowing Score) 

from Markit. For each ETF-stock pair, we measure the relative shorting cost between pair stocks and 

the industry ETF as the average DCBS of the former minus the latter. A higher relative shorting cost 

implies that shorting the industry ETF is less costly than shorting pair stocks. After that, we sort our 

sample into terciles by the relative shorting cost. We define the top tercile of the sample as the group 
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with the high relative shorting cost, and the bottom tercile as the group with the low relative shorting 

cost. Lastly, we run the regressions as in Table 2 for each group.  

[Insert Table A.6.1 Here] 

      As reported in Table A.6.1,  Dummy_LS is significantly and positively correlated with positive SUE 

only for the ETF member stocks whose pair stocks are relatively hard to short. This supports our 

hypothesis that hedging with the industry ETF is most cost-effective when shorting pair stocks is 

expensive. 

  A6.2. The industry ETF effect on PEAD between stocks with high and low relative shorting costs 

      Based on the finding in Table A.6.1, one natural implication is the PEAD reducing effect in Table 

5 should concentrate on stocks with a relatively high shorting cost on their pair stocks.  

      To examine this implication, we carry out the diff-in-diff analysis as in Table 5 but based on member 

stocks’ pair stocks’ relative shorting costs. Specifically, the treatment group consists of the member 

stock whose pair stocks’ relative shorting costs are in the top-tercile group. The bottom tercile group is 

the control group. We run the regressions as follows:  

𝐶𝐶𝐴𝐴𝑆𝑆(1,𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡

+ 𝛽𝛽3𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝛽𝛽4𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡

+ 𝛽𝛽5𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 + 𝛽𝛽6𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝛽𝛽7𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑆𝑆𝐸𝐸𝐹𝐹 𝐹𝐹𝑆𝑆

+ 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 +  𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡 . 

(A5) 

 

[Insert Table A.6.2 Here] 

      Table A.6.2 reports the result. We find that the triple interaction term 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡 ×

𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 is negatively significant. This suggests that the industry ETF inception reduces PEAD more for 

the member stock whose pair stocks are relatively expensive to short than the member stock whose pair 

stocks are relatively cheap to short.  

 

A7. Which ETF is more popular in the “long-the-stock/short-the-ETF” strategy 

A7.1. Industry ETF shorting cost and long-short activity 

      Given that a stock can belong to multiple industry ETFs, this section examines which industry ETF 

is more popular for hedging. To answer this question, we split ETFs into two groups based on the 

sample median of the shorting cost of the industry ETF. As the low shorting cost facilitates the “long-

the-stock/short-the-ETF” strategy, we hypothesize that hedging activity is more pronounced in stocks 

whose parent industry ETFs have lower shorting costs. 

[Insert Table A.7.1 Here] 

      We conduct a subsample analysis in Table A.7.1. We indeed find that “long-the-stock/short-the-

ETF” activity is more pronounced for the low shorting cost subsample. 
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A7.2. Industry ETF shorting cost and PEAD reducing effect 

      We then examine if the shorting cost of the industry ETF affects PEAD. Our hypothesis is that the 

low shorting cost ETF facilitates informed trading on the ETF member stock and hence has a stronger 

reduction effect on PEAD. We test this hypothesis as follows: 

𝐶𝐶𝐴𝐴𝑆𝑆(1,𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖,𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡

+  𝛽𝛽3𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 +  𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆

+ 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡. 

(A6) 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖,𝑠𝑠,𝑡𝑡 is a dummy variable taking one if the average DCBS of the parent industry ETF 

𝑖𝑖  is smaller than the sample median, and zero otherwise. We interact 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖,𝑠𝑠,𝑡𝑡  with 

𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 to capture the effect of the industry ETF shorting cost on the reduction of PEAD.  

[Insert Table A.7.2 Here] 

      Table A.7.2 shows that the shorting cost of the industry ETF indeed affects the PEAD reduction 

effect. This finding echoes with Table A.7.1, implying that the low shorting cost industry ETF is more 

likely to be used as the hedging vehicle in the “long-the-stock/short-the-ETF” strategy, and hence 

reduce PEAD on the ETF’s constituents. 

A7.3. Number of industry ETFs and PEAD reducing effect 

      Based on the findings that investors use the industry ETF as a hedging vehicle, it is natural to expect 

that a larger set of industry ETFs covering the same target stock should better facilitate the “long-the-

stock/short-the-ETF” strategy and could reduce PEAD to a larger extent. To test this argument, we use 

the following regression on the stock level:   

𝐶𝐶𝐴𝐴𝑆𝑆(1,𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × #𝑆𝑆𝐸𝐸𝐹𝐹𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 +  𝛽𝛽3#𝑆𝑆𝐸𝐸𝐹𝐹𝑠𝑠,𝑡𝑡

+ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 +  𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡. 

(A7) 

 [Insert Table A.7.3 Here] 

      #𝑆𝑆𝐸𝐸𝐹𝐹𝑠𝑠,𝑡𝑡 is the quintile rank of the number of ETFs that contain stock 𝐶𝐶 for each quarter. Because 

the number of ETFs is increasing over time, we use the cross-sectional quintile rank rather than the 

quintile rank on the whole sample. As shown in Table A.7.3, the interaction term 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 ×

#𝑆𝑆𝐸𝐸𝐹𝐹𝑠𝑠,𝑡𝑡 is negatively significant. This implies that for the stock belongs to more industry ETFs, its 

PEAD is smaller. The result is consistent with our main argument that the industry ETF facilitates 

hedging and reduces PEAD. 

 

A8. Retail investor trading and industry ETF short interest 

    This section examines the correlation between retail order flow and short interest among our sample 

ETFs. To compute the retail order flow on ETFs, we follow the methodology of Boehmer, Jones, and 

Zhang (2017). In Table A.8, we find an insignificant correlation between retail order flow and the short 

interest ratio in the industry ETF. 

[Insert Table A.8 Here] 
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A9. Additional results on the return predictability of industry ETF short interest 

  A9.1. ETF short interest and returns––the crisis and non-crisis periods 

      In the main body, we focus on the return predictability of ETF short interest in the non-crisis period 

(Table 8). In Table A.9.1, we compare the return predictability in the crisis and non-crisis period. Panel 

A and Panel B report the industry ETF portfolios sorted by ΔSIR in the non-crisis and crisis period, 

respectively. We find that a long-short portfolio that longs the top 30% ΔSIR industry ETFs and shorts 

the bottom 30% ΔSIR industry ETFs yields positive and significant risk-adjusted returns in the non-

crisis period but produces negative returns in the crisis period. Panel C shows that the “top ΔSIR minus 

bottom ΔSIR” return spread is significantly lower in the crisis period. 

[Insert Table A.9.1 Here] 

  A9.2. Further study on the return predictability of the short interest ratio  

      In Table 8, we show that ΔSIR positively predicts the industry ETF return. To further support that 

the return predictability is indeed fundamentally driven, we examine the ΔSIR’s return predictability in 

the long term. Indeed, Panel A of Table A.9.2 shows that the return predictability of ΔSIR on the 

industry ETF does not revert in the future 12 months after the portfolio formation.  

[Insert Table A.9.2 Here] 

      Another subtle explanation for the return predictability of ΔSIR is arbitrage activity in correcting 

the price difference between the ETF and its constituents. For example, when the ETF is traded at a 

premium relative to its net asset value of constituents, then arbitragers could short the industry ETF and 

long its member stocks to correct the mispricing. This arbitrage activity could result in 

contemporaneous price pressure on the industry ETF, which reverts in the future. However, Table 8 

(forecasting ΔNAV ) shows that this could not be the case. Nonetheless, we still regress industry ETF’s 

future discount (measured as 1-PRC/NAV) on ΔSIR to rule out this explanation. If arbitrage activity 

drives our results, it should reduce the mispricing between the industry ETF and its constituents. We 

find no significant relationship between the industry ETF discount and ΔSIR (see Panel B of Table 

A.9.2). 

      We further follow Brown, Davies, and Ringgenberg (2018) and measure arbitrage activity by the 

change in shares outstanding (ΔShrout). As shown in Panel C of Table A.9.2, there exists no return 

predictability of ΔShrout in our industry ETF sample. Our finding is consistent with the finding of 

Brown, Davies, and Ringgenberg (2018) that ΔShrout negatively predicts returns among broad equity 

ETFs, but not among industry ETFs.  

 

A10. Long-short activity and future stock return 

      This section explores the implications of long-short activity on stock-level return predictability.  In 

Sections 5.1 and 5.2 of the main text, we show that the positive return predictability of ETF short interest 

is consistent with “long-the-stock/short-the-ETF” activity. It seems likely that this long-short activity 
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would also have implications for individual stock predictability. In particular, if informed investors are 

trading on positive information in particular underlying stocks and hedging with the industry ETF, then 

we would expect those activities to predict the stock’s future price movement. 

      We run Fama-MacBeth regressions with the future return of the stock as the dependent variable and 

with Dummy_LS, capturing the “long-the-stock/short-the-ETF” activity on the stock, as the key 

independent variable. To examine the differential effect between stocks with high and low industry risk 

exposure, we follow Table 3 to sort all ETF-stock pairs into quartiles based on each ETF-stock pair’s 

industry risk exposure. We then consider a dummy variable, Dummy_HighExposure, which is equal to 

one for pairs in the top quartile and zero for the remaining pairs.  

      As shown in Table A.10, the coefficient of Dummy_LS is positive and significant. More importantly, 

the interaction term of Dummy_LS and Dummy_HighExposure is positive and significant. In a summary, 

stocks experiencing simultaneous spikes in hedge funds’ long positions and short interest in the industry 

ETF have higher returns in the future. This return predictability is more pronounced among stocks with 

high industry risk exposure. This positive return predictability of long-short activity provides additional 

evidence that the “long-the-stock/short-the-ETF” strategy is used to trade on stocks possessing positive 

firm-specific information. 
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Table A.1: Distribution of stock-level and ETF-level short interest  

This table reports the distribution of short interest for our sample stocks, industry ETFs, and non-industry ETFs. 
Panel A shows the summary statistics of the stock-level short interest ratio (SIR). We break our sample stocks 
into two groups: 1). stocks with industry ETF membership; 2). stocks without industry ETF membership. Panel 
B reports the proportion of the industry/non-industry ETF in each quintile of the short interest ratio. In Panel B, 
we pool all ETFs together, and then sort them into quintiles based on SIR, at the end of each month. After that, 
we calculate the proportion of the industry and non-industry ETF in each quintile for each month and report the 
monthly average proportion in Panel B. Panel C focuses on the industry ETF and calculates the Markov transition 
matrix of the short interest ratio. At the end of each month, we sort all industry ETFs into quintiles based on SIR 
and calculate the month-to-month transition likelihood. Panel C reports the average transition likelihood. 
 

Panel A: SIR of stocks 
 Mean Std. 5% 25% 50% 75% 95% 
In industry ETF  0.052 0.058 0.003 0.015 0.032 0.068 0.167 
Out of industry ETF 0.040 0.054 0.000 0.006 0.022 0.052 0.146 

 
 

Panel B: Monthly average proportion of the industry and non-industry ETFs in each SIR group 
SIR Rank Industry ETFs Non-Industry ETFs 
Low 16% 84% 
2 21% 79% 
3 26% 74% 
4 36% 64% 
High 59% 41% 

 
 

Panel C: Markov transition matrix for industry ETFs sorted on monthly SIR 
SIR Rank Low 2 3 4 High 
Low 0.60 0.27 0.10 0.03 0.00 
2 0.25 0.47 0.23 0.04 0.00 
3 0.10 0.22 0.51 0.15 0.01 
4 0.03 0.04 0.15 0.68 0.10 
High 0.00 0.00 0.01 0.10 0.88 
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Table A.2: “Short-the-stock/long-the-ETF” and negative earnings surprises 

This table reports the regression results of the short-long dummy (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡) on the negative SUE dummy 
(𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑁𝑁𝑁𝑁𝑁𝑁_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡) with the following model: 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 = 𝛽𝛽1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑁𝑁𝑁𝑁𝑁𝑁_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑆𝑆𝐸𝐸𝐹𝐹 𝐹𝐹𝑆𝑆

+ 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑖𝑖,𝑠𝑠,𝑡𝑡 . 

 

For each industry ETF and stock pair (𝑖𝑖, 𝐶𝐶) , where stock 𝐶𝐶  is a constituent of industry ETF 𝑖𝑖 , 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑁𝑁𝑁𝑁𝑁𝑁_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡 is a dummy that equals one if stock s has a negative earnings surprise (defined as the bottom 
25% SUE in our sample), and it equals zero elsewhere. The dependent variable 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 captures “short-
the-stock/long-the-ETF” hedging activity on stock 𝐶𝐶  with ETF 𝑖𝑖  at the nearest quarter prior to the earnings 
announcement. Specifically, 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 is a dummy variable that equals one for an ETF-stock pair in a given 
quarter, if both the abnormal short interest ratio of stock s (𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆𝑠𝑠,𝑡𝑡) and abnormal hedge fund holdings of ETF i 
(𝐴𝐴𝐴𝐴𝐹𝐹𝑖𝑖,𝑡𝑡) are above their 80th percentile values in the sample, and zero otherwise. 𝐴𝐴𝐴𝐴𝐹𝐹𝑖𝑖,𝑡𝑡 is defined as the number 
of shares of ETF i held by hedge funds at quarter end minus the average number of shares of ETF i held by hedge 
funds in the past four quarters, divided by the number of shares outstanding of ETF i at quarter end. 𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆𝑠𝑠,𝑡𝑡 is 
defined as the short interest ratio of stock s at quarter end minus the average short interest ratio of stock s in the 
past four quarters. We control for log market capitalization (Size), book-to-market ratio (BM), institutional 
ownership (IO), the past one-month return (Reversal), the cumulative return in past 12 months (Momentum), 
earnings volatility (EarnVola), and earnings persistence (EarnPers) prior to the earnings announcement. Year, 
quarter, ETF, and industry fixed effects are included. All standard errors are clustered by ETF and time. t-statistics 
are reported in the parentheses. *** is significant at 1%, ** is significant at 5%, and * is significant at 10%. 
 

DepVar:  𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆 
 [1] [2] 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑁𝑁𝑁𝑁𝑁𝑁_𝑆𝑆𝑆𝑆𝑆𝑆 0.012*** 0.010*** 
  (4.61) (4.42) 
𝑆𝑆𝑖𝑖𝑆𝑆𝑁𝑁  -0.008*** 
   (-6.40) 
𝐵𝐵𝑀𝑀  -0.003 
   (-1.44) 
𝐼𝐼𝐼𝐼  0.024*** 
   (4.24) 
𝑆𝑆𝑁𝑁𝑅𝑅𝑁𝑁𝐶𝐶𝐶𝐶𝑌𝑌𝐶𝐶  0.020** 
   (2.28) 
𝑀𝑀𝐶𝐶𝐷𝐷𝑁𝑁𝐶𝐶𝐶𝐶𝐷𝐷𝐷𝐷  0.007* 
   (1.74) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶𝑌𝑌  0.000 
   (0.90) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝑃𝑃𝑁𝑁𝐶𝐶𝐶𝐶  0.003** 
   (2.50) 
    
Year FE Yes Yes 
Qtr FE Yes Yes 
ETF FE Yes Yes 
Industry FE Yes Yes 
    
No. Obs. 379,167 361,813 
Adj-R2 0.0317 0.0353 
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Table A.3: Comparison of treatment and control group characteristics in Table 5 

This table reports pre-inception firm characteristics of treatment/control groups in Table 5. Specifically, for each 
inception event, we retain the ETF-stock pair level observations in the nearest quarter end prior to the ETF 
inception date. Panel A reports the summary statistics of firm characteristics for the treatment and control groups 
separately. In Panel B, we compare the treatment and control group characteristics using two-sample t-test within 
each inception event separately. Then we report the average difference and t-value across all inception events. 
Variable definitions follow Table 5. 
 

Panel A: Summary statistics of firm characteristics 
Variable Treat = No. Obs. Mean SD P25 P50 P75 

Log(Mktcap) 0 10328 14.4072  1.6043  13.1787  14.2818  15.5119  
1 3506 14.6224  1.5700  13.4484  14.4576  15.7441  

                

BM 0 10328 0.5441  0.3624  0.2675  0.4573  0.7417  
1 3506 0.4894  0.3806  0.1848  0.3880  0.6964  

                

IO 0 10328 0.6429  0.2460  0.4783  0.6830  0.8398  
1 3506 0.6813  0.2261  0.5420  0.7208  0.8574  

                

IVOL 0 10328 0.0181  0.0123  0.0089  0.0140  0.0233  
1 3506 0.0259  0.0137  0.0153  0.0223  0.0336  

                

# Analyst 0 10328 4.3670  1.8183  3.0000  4.0000  6.0000  
1 3506 4.6934  1.7835  3.0000  5.0000  6.0000  

                

Ind Risk Exposure 0 10328 0.0050  0.0051  0.0019  0.0054  0.0088  
1 3506 0.0235  0.0089  0.0168  0.0208  0.0273  

 
 

Panel B: Compare firm characteristics between the treatment and control groups 
Variable Control Treatment Diff T-stat. 
Log(Mktcap) 14.5567  15.0610  0.5044  1.44  
BM 0.5083  0.4726  -0.0356  -0.46  
IO 0.6591  0.7069  0.0479  0.95  
IVOL 0.0178  0.0213  0.0035  1.50  
# Analyst 4.2910  4.7386  0.4476  1.13  
Ind Risk Exposure 0.0064  0.0205  0.0141  10.15  
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Table A.4: Industry ETF inception effect on return comovement 

This table reports the ETF inception effect on return comovement of member stocks through a diff-in-diff analysis. 
We follow the procedure in Table 7 to generate the sample of the diff-in-diff analysis. The outcome variable in 
this table is each stock’s average Fama-French-Carhart four-factor (FFC4) residual correlation with member firms 
in the ETF. Specifically, for a given event, we compute each member/non-member stock’s daily FFC4 residual 
returns in each year and calculate the pair-wise correlation of FFC4 residuals with other member stocks of the 
ETF. Then we take the average of each stock’s FFC4 residual correlations with other member stocks as the 
outcome variable. In the regressions, we control for size, book-to-market ratio, institutional ownership, the number 
of analyst following, and idiosyncratic volatility. ETF, industry, and year fixed effects are included. All standard 
errors are clustered by stock and year. t-statistics are reported in the parentheses. *** is significant at 1%, ** is 
significant at 5%, and * is significant at 10%. 
 

DepVar:  Correlation of FFC4 residuals with member stocks 
  [1] [2] 
𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶 0.008** 0.007** 
  (2.09) (2.40) 
Treat 0.027*** 0.030*** 
  (10.69) (13.74) 
Post -0.006** -0.005** 
  (-2.12) (-2.02) 
   
Control No Yes 
ETF FE Yes Yes 
Industry FE Yes Yes 
Year FE Yes Yes 
    
No. Obs. 81,883 81,883 
Adj-R2 0.533 0.546 
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Table A.5.1: Robustness check for Table 2 

This table reports robustness checks for results in Panel B of Table 2. In Panel A, we examine the regression 
results in Table 2 under alternative specifications for 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖 ,𝑠𝑠,𝑡𝑡. In column [1], 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖 ,𝑠𝑠,𝑡𝑡 equals one 
if both 𝐴𝐴𝐴𝐴𝐹𝐹𝑠𝑠,𝑡𝑡 and 𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 are above their 75th percentile values in the sample. In column [2], 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 
equals one if both 𝐴𝐴𝐴𝐴𝐹𝐹𝑠𝑠,𝑡𝑡  and 𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡  are above their 85th percentile values in the sample. In column [3], 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 equals one if both 𝐴𝐴𝐴𝐴𝐹𝐹𝑠𝑠,𝑡𝑡 and 𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 are above 0.5%. In column [4], 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 equals one 
if both 𝐴𝐴𝐴𝐴𝐹𝐹𝑠𝑠,𝑡𝑡 and 𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 are above 1%. In column [5], 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖 ,𝑠𝑠,𝑡𝑡 equals one if both 𝐴𝐴𝐴𝐴𝐹𝐹𝑠𝑠,𝑡𝑡 and 𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 
are above 1.5%. Columns [1]-[3] of Panel B repeat the same regressions under alternative industry ETF samples. 
To generate industry ETF list in column [1], we require that the dominant industry take at least 30% of the ETF 
portfolio holdings but do not require at least 30 stocks in the portfolio. In column [2], we require that the dominant 
industry take at least 25% of the ETF portfolio holdings and require at least 30 stocks in the portfolio. In column 
[3], we require that the dominant industry take at least 40% of the ETF portfolio holdings and require at least 30 
stocks in the portfolio. In column [4], we require that the dominant industry take at least 30% of the ETF portfolio 
holdings and require at least 30 stocks in the dominating industry of the industry ETF. In column [5] of Panel B, 
the key independent variable 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 is constructed using the analyst forecast based SUE definition. 
More specifically,  𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 is a dummy that equals one if an earnings announcement of a stock has a 
positive earnings surprise (defined as the top 25% analyst-based SUE in our sample), and it equals zero elsewhere. 
All standard errors are clustered by ETF and time. t-statistics are reported in the parentheses. *** is significant at 
1%, ** is significant at 5%, and * is significant at 10%. 
 

Panel A: Different cut-offs for 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆 

DepVar:  
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆 = 1 if 𝐴𝐴𝐴𝐴𝐹𝐹 and 𝐴𝐴𝑆𝑆𝐼𝐼𝑆𝑆 

> 75th percentile > 85th percentile > 0.5% > 1% > 1.5% 
 [1] [2] [3] [4] [5] 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 0.008*** 0.004*** 0.008*** 0.006*** 0.004*** 
  (5.12) (3.91) (4.76) (4.55) (3.40) 
𝑆𝑆𝑖𝑖𝑆𝑆𝑁𝑁  -0.009*** -0.004*** -0.009*** -0.007*** -0.004*** 
  (-7.80) (-6.64) (-7.34) (-6.88) (-6.82) 
𝐵𝐵𝑀𝑀  0.004** 0.003** 0.003** 0.003** 0.003** 
  (2.32) (2.56) (2.03) (2.33) (2.60) 
𝐼𝐼𝐼𝐼  0.063*** 0.030*** 0.067*** 0.043*** 0.031*** 
  (11.29) (7.04) (11.69) (8.39) (7.26) 
𝑆𝑆𝑁𝑁𝑅𝑅𝑁𝑁𝐶𝐶𝐶𝐶𝑌𝑌𝐶𝐶  0.009 0.006 0.012 0.009 0.006 
  (0.95) (1.13) (1.19) (1.11) (1.11) 
𝑀𝑀𝐶𝐶𝐷𝐷𝑁𝑁𝐶𝐶𝐶𝐶𝐷𝐷𝐷𝐷  0.006 0.003* 0.004 0.006** 0.003* 
  (1.56) (1.80) (1.00) (2.10) (1.71) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶𝑌𝑌  -0.000 0.000 -0.000 -0.000 -0.000 
  (-0.92) (0.13) (-1.32) (-0.00) (-0.88) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝑃𝑃𝑁𝑁𝐶𝐶𝐶𝐶  -0.002 -0.001 -0.003 -0.002 -0.001 
  (-1.29) (-0.79) (-1.35) (-1.40) (-1.11) 
       
Year FE Yes Yes Yes Yes Yes 
Qtr FE Yes Yes Yes Yes Yes 
ETF FE Yes Yes Yes Yes Yes 
Industry FE Yes Yes Yes Yes Yes 
       
No. Obs. 361,813 361,813 361,813 361,813 361,813 
Adj-R2 0.0347 0.0297 0.0381 0.0347 0.0276 
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Panel B: Alternative Industry ETF samples and analyst-based 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 

  Alternative Industry ETF Samples   𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 

DepVar: 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆 Sample 1 Sample 2 Sample 3 Sample 4   Based on Analyst 
 [1] [2] [3] [4]   [5] 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 0.007*** 0.006*** 0.007*** 0.006***   0.004*** 
  (4.76) (4.57) (4.78) (4.45)   (3.61) 
𝑆𝑆𝑖𝑖𝑆𝑆𝑁𝑁  -0.007*** -0.007*** -0.007*** 0.007***   -0.007*** 
  (-7.30) (-7.05) (-6.93) (-6.66)   (-7.15) 
𝐵𝐵𝑀𝑀  0.003* 0.003** 0.003** 0.003**   0.003** 
  (1.98) (2.14) (2.05) (2.47)   (2.55) 
𝐼𝐼𝐼𝐼  0.045*** 0.044*** 0.045*** 0.045***   0.046*** 
  (9.00) (8.83) (8.60) (8.06)   (8.93) 
𝑆𝑆𝑁𝑁𝑅𝑅𝑁𝑁𝐶𝐶𝐶𝐶𝑌𝑌𝐶𝐶  0.007 0.008 0.008 0.009   0.006 
  (0.92) (0.91) (0.91) (1.07)   (0.76) 
𝑀𝑀𝐶𝐶𝐷𝐷𝑁𝑁𝐶𝐶𝐶𝐶𝐷𝐷𝐷𝐷  0.005* 0.005* 0.006* 0.006**   0.006** 
  (1.92) (1.81) (1.95) (2.17)   (2.09) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶𝑌𝑌  -0.000 -0.000 -0.000 0.000   0.000 
  (-0.21) (-0.67) (-0.02) (0.01)   (0.58) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝑃𝑃𝑁𝑁𝐶𝐶𝐶𝐶  -0.001 -0.001 -0.001 -0.002   -0.002 
  (-0.99) (-1.29) (-0.90) (-1.55)   (-1.35) 
             
Year FE Yes Yes Yes Yes   Yes 
Qtr FE Yes Yes Yes Yes   Yes 
ETF FE Yes Yes Yes Yes   Yes 
Industry FE Yes Yes Yes Yes   Yes 
             
No. Obs. 375,668 441,950 339,822 342,038   339,975 
Adj-R2 0.0352 0.0335 0.0351 0.0356   0.0355 
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Table A.5.2: Abnormal hedge fund holdings and ETF short interest ratio 

This table reports regression results on the following model: 
𝐴𝐴𝐴𝐴𝐹𝐹𝑖𝑖,𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 +  𝛽𝛽3𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶

+ 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑆𝑆𝐸𝐸𝐹𝐹 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑖𝑖,𝑠𝑠,𝑡𝑡 . 
 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡 is a dummy that equals one if a quarterly earnings announcement of stock s has a positive 
earnings surprise (defined as the top 25% SUE in our sample), and it equals zero elsewhere. 𝐴𝐴𝐴𝐴𝐹𝐹𝑖𝑖,𝑠𝑠,𝑡𝑡 is abnormal 
hedge fund holdings of ETF i’s member stock s standardized by the stock’s total shares outstanding at the nearest 
quarter end prior to the earnings announcement, where abnormal holdings is the difference between current quarter 
holdings and the moving average of holdings in past four quarters. 𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 is the short interest ratio of ETF i at the 
nearest quarter end prior to the earnings announcements. 𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 is the interaction term. 
In our control variables, we include log market capitalization (Size), book-to-market ratio (BM), institutional 
ownership (IO), the past one-month return (Reversal), the past 12-month returns (Momentum), earnings volatility 
(EarnVola), and earnings persistence (EarnPers) prior to the earnings announcement. In addition, we control for 
year, quarter, and ETF fixed effects. We run the above regression model on our earnings announcement sample 
ranging from 1999 to 2017 except for the crisis period (from the fourth quarter of 2006 to the fourth quarter of 
2008). Columns [4] is a placebo test, where we replace the dependent variable with non-hedge fund abnormal 
holdings and re-run the above regression. All standard errors are clustered by ETF and time. t-statistics are 
reported in the parentheses. *** is significant at 1%, ** is significant at 5%, and * is significant at 10%.  
 

 DepVar HF Abnormal Holdings  Non-HF Abnormal Holdings 
 [1] [2] [3]  [4] 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 0.053*** 0.042** 0.039**  0.149** 
  (3.25) (2.63) (2.50)  (2.37) 
𝑆𝑆𝐼𝐼𝑆𝑆  0.004 -0.004  0.147 
   (0.07) (-0.07)  (0.63) 
𝑆𝑆𝐼𝐼𝑆𝑆 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆  0.125*** 0.145***  0.034 
   (3.58) (3.33)  (0.23) 
𝑆𝑆𝑖𝑖𝑆𝑆𝑁𝑁    -0.035***  -0.138*** 
    (-4.31)  (-3.53) 
𝐵𝐵𝑀𝑀    0.008  -0.258*** 
    (0.35)  (-2.81) 
𝐼𝐼𝐼𝐼    0.329***  1.237*** 
    (3.37)  (5.67) 
𝑆𝑆𝑁𝑁𝑅𝑅𝑁𝑁𝐶𝐶𝐶𝐶𝑌𝑌𝐶𝐶    0.050  0.387 
    (0.52)  (1.15) 
𝑀𝑀𝐶𝐶𝐷𝐷𝑁𝑁𝐶𝐶𝐶𝐶𝐷𝐷𝐷𝐷    -0.041  1.535*** 
    (-0.80)  (6.86) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶𝑌𝑌    0.001**  0.010* 
    (2.30)  (1.99) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝑃𝑃𝑁𝑁𝐶𝐶𝐶𝐶    0.014  0.059 
    (0.99)  (1.29) 
      
Year FE Yes Yes Yes  Yes 
Qtr FE Yes Yes Yes  Yes 
ETF FE Yes Yes Yes  Yes 
       
No. Obs. 372,209 372,209 355,726  354,317 
Adj-R2 0.0141 0.0141 0.0175  0.0644 

 
  



 
 

Table A.5.3: Robustness check for Table 5 

This table reports robustness checks for results in Table 5. In columns [1]-[6], we examine the regression results in Table 5 under alternative industry ETF samples. To generate 
industry ETF list in columns [1] and [2], we require that the dominant industry take at least 30% of the ETF portfolio holdings but do not require at least 30 stocks in the 
portfolio. In columns [3] and [4], we require that the dominant industry take at least 25% of the ETF portfolio holdings and require at least 30 stocks in the portfolio. In columns 
[5] and [6], we require that the dominant industry take at least 40% of the ETF portfolio holdings and require at least 30 stocks in the portfolio. In columns [7] and [8], we 
require that the dominant industry take at least 30% of the ETF portfolio holdings and require at least 30 stocks in the dominant industry of the industry ETF. In columns [9] 
and [10], the key independent variable 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 is computed using the analyst forecast based SUE definition. More specifically, 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 is the quintile ranking of 
analyst-based SUE in our sample, taking values of -2, -1, 0, +1, +2 from the lowest to the highest quintile. Analyst-based SUE is the difference between actual EPS and median 
EPS forecast value scaled by the stock price at quarter end. All standard errors are clustered by the stock and announcement date. t-statistics are reported in the parentheses. 
*** is significant at 1%, ** is significant at 5%, and * is significant at 10%. 
 

 Alternative Industry ETF samples  Analyst based 
 Sample 1 Sample 2 Sample 3 Sample 4  SUE_Rank 
DepVar: 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60)  𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 
 [1] [2] [3] [4] [5] [6] [7] [8]  [9] [10] 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶 0.004*** 0.007*** -0.002** -0.004** -0.002** -0.004** -0.004*** -0.007***  -0.002* -0.004* 
 (-3.33) (-3.80) (-2.26) (-2.54) (-2.26) (-2.54) (-2.86) (-3.46)  (-1.89) (-1.88) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 -0.000 0.001 -0.001 -0.000 -0.001 -0.000 -0.000 0.001  0.001 0.002 
 (-0.12) (0.88) (-1.37) (-0.18) (-1.37) (-0.18) (-0.12) (0.83)  (0.83) (1.03) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶 0.003*** 0.003*** 0.002*** 0.001 0.002*** 0.001 0.003*** 0.003***  -0.000 -0.002** 
 (4.67) (3.60) (3.22) (1.07) (3.22) (1.07) (4.23) (2.91)  (-0.45) (-2.16) 
𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶 -0.010** 0.018*** 0.010*** 0.017*** 0.010*** 0.017*** -0.013** -0.020***  0.022*** 0.037*** 
 (-2.14) (-2.68) (-2.70) (-3.16) (-2.70) (-3.16) (-2.48) (-2.74)  (-7.99) (-9.26) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 0.003*** 0.004*** 0.003*** 0.005*** 0.003*** 0.005*** 0.002*** 0.004***  0.004*** 0.006*** 
 (5.53) (5.92) (8.45) (8.92) (8.45) (8.92) (4.77) (5.73)  (7.93) (8.33) 
𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 0.018*** 0.026*** 0.017*** 0.024*** 0.017*** 0.024*** 0.019*** 0.028***  0.017*** 0.029*** 
 (4.54) (4.88) (5.66) (5.68) (5.66) (5.68) (4.46) (4.80)  (8.20) (10.28) 
𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶 0.004 0.008** 0.003 0.008** 0.003 0.008** 0.006** 0.011**  0.012*** 0.017*** 
 (1.58) (1.99) (1.32) (2.55) (1.32) (2.55) (2.07) (2.48)  (5.57) (5.36) 
            

Controls Yes Yes Yes Yes Yes Yes Yes Yes  Yes Yes 
ETF, Ind, Year, Qtr FE Yes Yes Yes Yes Yes Yes Yes Yes  Yes Yes 
            

No. Obs. 198,250 198,250 264,205 264,205 174,682 174,682 175,566 175,566  168,956 168,956 
Adj-R2 0.0169 0.0176 0.0149 0.0157 0.0149 0.0157 0.0167 0.0176  0.0183 0.0180 



 
 

Table A.5.4: Regress PEAD on long-short activity in member stocks 

This table reports the result of regressing PEAD on the long-short dummy (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡) in ETF-stock level 
sample. We use 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 (see Table 2 for the definition) to capture long-short activity for stock s that 
belongs to ETF i at the nearest quarter end prior to the earnings announcement. Then we evaluate the impact of 
hedging on subsequent PEAD based on the following regression model: 
𝐶𝐶𝐴𝐴𝑆𝑆(1, 𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖 ,𝑠𝑠,𝑡𝑡 +  𝛽𝛽3𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡

+ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 +  𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡 . 
 

𝐶𝐶𝐴𝐴𝑆𝑆(1, 𝑘𝑘)𝑠𝑠,𝑡𝑡 is the cumulative size-adjusted return from the first to the kth post-earnings-announcement trading 
day of an earnings announcement. 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑖𝑖,𝑠𝑠,𝑡𝑡  is the quintile ranking of SUE in our sample, taking values of -
2, -1, 0, +1, +2 from the lowest to the highest quintile. We run the above regression model on our earnings 
announcement events from 1999 to 2017 except for the crisis period (from the fourth quarter of 2006 to the fourth 
quarter of 2008). We control for log market capitalization (Size), book-to-market ratio (BM), institutional 
ownership (IO), the number of analysts (# Analysts), and idiosyncratic volatility (IVOL) prior to the earnings 
announcement. Industry, year, and quarter fixed effects are included. All standard errors are clustered by the stock 
and announcement date. t-statistics are reported in the parentheses. *** is significant at 1%, ** is significant at 
5%, and * is significant at 10%.  
 

DepVar: 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 
 [1] [2] [3] [4] 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆  -0.003*** -0.003*** -0.006*** -0.006*** 
  (-2.60) (-2.78) (-4.03) (-4.06) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘  0.002*** 0.002*** 0.003*** 0.003*** 
  (5.99) (6.50) (5.97) (5.81) 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆  0.016*** 0.016*** 0.027*** 0.028*** 
  (4.45) (4.58) (5.42) (5.62) 
Size  -0.001***  -0.000 
   (-3.79)  (-0.06) 
BM  -0.000  0.001** 
   (-0.84)  (2.52) 
IO  0.001***  0.000** 
   (3.12)  (2.40) 
# Analysts  0.000***  0.000* 
   (3.93)  (1.86) 
IVOL  0.045  -0.228** 
   (0.69)  (-2.34) 
      
Industry FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Qtr FE Yes Yes Yes Yes 
      
No. Obs. 372,183 365,407 372,183 365,407 
Adj-R2 0.0066 0.0072 0.0036 0.0043 
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Table A.5.5: Regress PEAD on the industry or non-industry ETF membership 

This table examines the effect of ETF membership on PEAD based on the unmatched sample of member firms 
and non-member firms. The regression results are based on the following model: 
𝐶𝐶𝐴𝐴𝑆𝑆(1, 𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑀𝑀𝑁𝑁𝐷𝐷𝑀𝑀𝑁𝑁𝐶𝐶𝑠𝑠,𝑡𝑡

+  𝛽𝛽3𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑀𝑀𝑁𝑁𝐷𝐷𝑀𝑀𝑁𝑁𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆
+ 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝐹𝐹𝑖𝑖𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡 . 

 

𝐶𝐶𝐴𝐴𝑆𝑆(1, 𝑘𝑘)𝑠𝑠,𝑡𝑡 is the cumulative size-adjusted return from the first to the kth post-earnings-announcement trading 
day of an earnings announcement. 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 is the quintile ranking of SUE in our sample, taking values of -
2, -1, 0, +1, +2 from the lowest to the highest quintile. In columns [1]-[2], 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑀𝑀𝑁𝑁𝐷𝐷𝑀𝑀𝑁𝑁𝐶𝐶𝑠𝑠,𝑡𝑡  is a dummy 
variable, which equals one if stock s is held by at least one industry ETF at the nearest quarter end prior to the 
earnings announcement. We control for log market capitalization, book-to-market ratio, momentum, institutional 
ownership, the number of analysts, idiosyncratic volatility, and the interaction terms between 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 and 
size, book-to-market, and momentum prior to the earnings announcement. In addition, we also control for year, 
quarter, firm and industry fixed effects. In columns [3]-[4], we conduct placebo tests using non-industry ETF 
membership. Specifically, 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑀𝑀𝑁𝑁𝐷𝐷𝑀𝑀𝑁𝑁𝐶𝐶𝑠𝑠,𝑡𝑡 is a dummy variable, which equals one if stock s is held by at 
least one non-industry ETF at the nearest quarter end prior to the earnings announcement. We run the above 
regression model on our earnings announcement events from 1999 to 2017 except for the crisis period (from the 
fourth quarter of 2006 to the fourth quarter of 2008). All standard errors are clustered by the stock and 
announcement date. t-statistics are reported in the parentheses. *** is significant at 1%, ** is significant at 5%, 
and * is significant at 10%.  
 

 IETF membership  Non-IETF membership 
DepVar: 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60)  𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 
 [1] [2]  [3] [4] 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 0.012*** 0.020***  0.017*** 0.027*** 
  (5.57) (6.11)  (9.59) (10.28) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑀𝑀𝑁𝑁𝐷𝐷𝑀𝑀𝑁𝑁𝐶𝐶  -0.003*** -0.004***  0.001 0.001 
  (-3.43) (-3.61)  (0.85) (0.71) 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑀𝑀𝑁𝑁𝐷𝐷𝑀𝑀𝑁𝑁𝐶𝐶  -0.008*** -0.013***  0.001 0.000 
  (-5.01) (-5.92)  (0.35) (0.11) 
      
Controls Yes Yes  Yes Yes 
No. Obs. 287,295 287,295  327,457 327,457 
Adj-R2 0.0478 0.0637  0.0505 0.0667 
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Table A.5.6: Alternative definition of industry risk exposure and long-short activity 

This table reports robustness checks for Table 3 using an alternative definition of industry risk exposure. In this 
table, industry risk exposure is estimated as the industry ETF beta (𝛽𝛽1) for each member stock using daily returns 
in our sample period based on the following regression model: 

𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝑆𝑆𝐶𝐶𝑘𝑘𝑡𝑡 = 𝛽𝛽1𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝐼𝐼𝐶𝐶𝐼𝐼𝑆𝑆𝐸𝐸𝐹𝐹𝑡𝑡 + 𝛽𝛽2𝑀𝑀𝑘𝑘𝐶𝐶𝑆𝑆𝑀𝑀𝑡𝑡 + 𝜖𝜖𝑡𝑡, 
where 𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝑆𝑆𝐶𝐶𝑘𝑘𝑡𝑡 is the daily excess return of the stock, 𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝐼𝐼𝐶𝐶𝐼𝐼𝑆𝑆𝐸𝐸𝐹𝐹𝑡𝑡 is the daily excess return of the parent 
industry ETF, and 𝑀𝑀𝑘𝑘𝐶𝐶𝑆𝑆𝑀𝑀𝑡𝑡 is the daily excess return of CRSP value-weighted market return. We sort all ETF-
stock pairs in the sample of Table 2 into quartiles based on each ETF-stock pair’s industry risk exposure. Pairs in 
the top quartile are assigned into the high industry risk exposure group, and the remaining pairs are assigned into 
the low industry risk exposure group. All standard errors are clustered by ETF and time. t-statistics are reported 
in the parentheses. *** is significant at 1%, ** is significant at 5%, and * is significant at 10%.  

 

DepVar: 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆 Industry Risk Exposure Subsample 
Low High Low High 

  [1] [2] [3] [4] 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 0.006*** 0.014*** 0.003* 0.012*** 
  (3.77) (5.04) (1.92) (4.01) 
𝑆𝑆𝑖𝑖𝑆𝑆𝑁𝑁     -0.007*** -0.007*** 
     (-6.70) (-5.93) 
𝐵𝐵𝑀𝑀     -0.000 0.002 
     (-0.05) (0.63) 
𝐼𝐼𝐼𝐼     0.045*** 0.048*** 
     (8.86) (6.70) 
𝑆𝑆𝑁𝑁𝑅𝑅𝑁𝑁𝐶𝐶𝐶𝐶𝑌𝑌𝐶𝐶     0.009 0.008 
     (1.07) (0.58) 
𝑀𝑀𝐶𝐶𝐷𝐷𝑁𝑁𝐶𝐶𝐶𝐶𝐷𝐷𝐷𝐷     0.009** 0.003 
     (2.44) (0.51) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶𝑌𝑌     0.050*** 0.022 
     (4.77) (1.63) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝑃𝑃𝑁𝑁𝐶𝐶𝐶𝐶     0.001 -0.004 
      (0.75) (-1.56) 
          
ETF FE Yes Yes Yes Yes 
Industry FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Quarter FE Yes Yes Yes Yes 
          
No. Obs. 281,211 97,956 268,865 92,948 
Adj-R2 0.0301 0.0370 0.0351 0.0417 
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Table A.5.7: Alternative definition of industry risk exposure and PEAD 

This table reports robustness checks for Table 5. In this table, the procedure to generate the diff-in-diff analysis 
sample follows Table 5, but the definition of ex-ante industry risk exposure is different. Specifically, ex-ante 
industry risk exposure is estimated using the daily return of the member stock and a pseudo-industry ETF portfolio 
in the year before the inception date based on the following regression model: 

𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝑆𝑆𝐶𝐶𝑘𝑘𝑡𝑡 = 𝛽𝛽1𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝐼𝐼𝐶𝐶𝐼𝐼𝑆𝑆𝐸𝐸𝐹𝐹𝑡𝑡 + 𝛽𝛽2𝑀𝑀𝑘𝑘𝐶𝐶𝑆𝑆𝑀𝑀𝑡𝑡 + 𝜖𝜖𝑡𝑡, 
where 𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝑆𝑆𝐶𝐶𝑘𝑘𝑡𝑡 is the daily excess return of the stock, 𝑆𝑆𝐸𝐸𝑆𝑆𝑁𝑁𝐶𝐶_𝐼𝐼𝐶𝐶𝐼𝐼𝑆𝑆𝐸𝐸𝐹𝐹𝑡𝑡 is the daily excess return of the pseudo-
industry ETF portfolio, and 𝑀𝑀𝑘𝑘𝐶𝐶𝑆𝑆𝑀𝑀𝑡𝑡 is the daily excess return of CRSP value-weighted market return. 𝛽𝛽1 is the 
ex-ante industry risk exposure. All standard errors are clustered by the stock and announcement date. t-statistics 
are reported in the parentheses. *** is significant at 1%, ** is significant at 5%, and * is significant at 10%.  
 

DepVar: 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 
 [1] [2] [3] [4] 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶  -0.005*** -0.004*** -0.008*** -0.007*** 
  (-3.93) (-3.44) (-4.67) (-4.16) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶  -0.000 -0.000 0.001 0.000 
  (-0.14) (-0.24) (0.43) (0.29) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶  0.002*** 0.003*** 0.002** 0.003*** 
  (2.92) (4.01) (2.21) (2.98) 
𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶  -0.001 -0.004 -0.005 -0.008 
  (-0.26) (-1.01) (-0.73) (-1.19) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘  0.003*** 0.003*** 0.005*** 0.004*** 
  (5.50) (5.05) (6.41) (6.00) 
𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶  0.013*** 0.015*** 0.016*** 0.021*** 
  (3.67) (4.21) (3.14) (4.17) 
𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶  0.004 0.002 0.006 0.005 
  (1.41) (0.81) (1.47) (1.13) 
          
Controls No Yes No Yes 
ETF FE Yes Yes Yes Yes 
Industry FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Qtr FE Yes Yes Yes Yes 
         
No. Obs. 196,107 189,325 196,107 189,325 
Adj-R2 0.0125 0.0160 0.0110 0.0166 
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Table A.6.1: Substitution between shorting pair stocks and shorting industry ETFs 

This table reports regression results of the long-short dummy (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 ) on positive SUE dummy 
(𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡) in subsamples classified by the relative shorting cost between pair stocks and industry 
ETFs. For each industry ETF member stock in each year, we compute its pair-wise return correlation with all 
other stocks in the same Fama-French 48 industry using daily returns in the previous year. We identify the top 10 
stocks with the highest return correlation with the member stock as its pair stocks. We measure the shorting cost 
by DCBS (Daily Cost of Borrowing Score) from Markit. For each ETF-stock pair in the sample of Table 2, we 
measure the relative shorting cost between pair stocks and industry ETFs as the average DCBS of the former 
minus the latter. A higher relative shorting cost implies that shorting industry ETF is less costly than shorting pair 
stocks. After that, we sort our ETF-stock pairs by the relative shorting cost. The top tercile of the sample with the 
highest relative shorting cost is assigned to the high relative shorting cost group, and the bottom-tercile is assigned 
to the low relative shorting cost group. We run the same regressions as in Table 2 for each group. All standard 
errors are clustered by ETF and time. t-statistics are reported in the parentheses. *** is significant at 1%, ** is 
significant at 5%, and * is significant at 10%. 
 

DepVar: 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆 
Relative Shorting Cost Subsample 

Low High Low High 
 [1] [2] [3] [4] 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 0.002 0.010*** 0.000 0.007** 
  (0.93) (3.40) (0.06) (2.09) 
𝑆𝑆𝑖𝑖𝑆𝑆𝑁𝑁   -0.004*** -0.009*** 
   (-4.08) (-5.24) 
𝐵𝐵𝑀𝑀   0.002 0.002 
   (1.28) (1.09) 
𝐼𝐼𝐼𝐼   0.029*** 0.053*** 
   (4.47) (6.67) 
𝑆𝑆𝑁𝑁𝑅𝑅𝑁𝑁𝐶𝐶𝐶𝐶𝑌𝑌𝐶𝐶   0.005 -0.004 
   (0.61) (-0.24) 
𝑀𝑀𝐶𝐶𝐷𝐷𝑁𝑁𝐶𝐶𝐶𝐶𝐷𝐷𝐷𝐷   0.006 0.004 
   (1.67) (0.63) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶𝑌𝑌   0.000 -0.000*** 
   (0.54) (-3.95) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝑃𝑃𝑁𝑁𝐶𝐶𝐶𝐶   -0.001 -0.005 
    (-0.94) (-1.06) 
      
ETF FE Yes Yes Yes Yes 
Industry FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Qtr FE Yes Yes Yes Yes 
      
No. Obs. 88,085 69,504 85,301 67,035 
Adj-R2 0.0503 0.0293 0.0518 0.0359 
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Table A.6.2: Substitution effect on the industry ETF inception effect on PEAD  

This table reports the diff-in-diff analysis on the impact of industry ETF inception on PEAD. The diff-in-diff 
sample focuses on the industry ETF inception event during our sample period. For an industry ETF inception 
event, we sort member stocks of the industry ETF into terciles based on relative shorting costs between their pair 
stocks and parent industry ETFs (see Table A.6.1 for definition). In each inception event, the top tercile of member 
stocks with the highest relative shorting cost is assigned as the treatment group, and the bottom-tercile is assigned 
as the control group. We then evaluate the impact of industry ETF inception on PEAD in the (-2 years, +2 years) 
window around the inception date. The regression model is as follows: 
𝐶𝐶𝐴𝐴𝑆𝑆(1, 𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡

+ 𝛽𝛽3𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝛽𝛽4𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝛽𝛽5𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡
+ 𝛽𝛽6𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝛽𝛽7𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑆𝑆𝐸𝐸𝐹𝐹 𝐹𝐹𝑆𝑆 + 𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆
+ 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡 . 

 

𝐶𝐶𝐴𝐴𝑆𝑆(1, 𝑘𝑘)𝑠𝑠,𝑡𝑡 is the cumulative size-adjusted return from the first to the kth post-earnings-announcement trading 
day of an earnings announcement event. 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 is the quintile ranking of SUE in our sample, taking values 
of -2, -1, 0, +1, +2 from the lowest to the highest quintile. 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶𝑠𝑠,𝑡𝑡 is a dummy that equals one for the treatment 
group and zero for the control group. 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 is a dummy that equals one for the post-inception period and zero 
for the pre-inception period. We control for log market capitalization, book-to-market ratio, institutional 
ownership, the number of analysts, and idiosyncratic volatility prior to the earnings announcement. ETF, industry, 
year, and quarter fixed effects are included. We run the above regression model on our earnings announcement 
events ranging from 1999 to 2017 except for the crisis period (from the fourth quarter of 2006 to the fourth quarter 
of 2008). All standard errors are clustered by the stock and announcement date. t-statistics are reported in the 
parentheses. *** is significant at 1%, ** is significant at 5%, and * is significant at 10%.  
 

DepVar: 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 
 [1] [2] [3] [4] 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶  -0.003** -0.004** -0.009*** -0.009*** 
  (-2.10) (-2.14) (-3.80) (-3.80) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶  0.001 0.001 0.002 0.002 
  (0.61) (0.65) (1.16) (1.10) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶  0.001 0.002* 0.001 0.001 
  (1.38) (1.68) (0.55) (0.64) 
𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶 × 𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶  0.004 0.004 0.012*** 0.012*** 
  (1.38) (1.45) (2.64) (2.61) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘  0.004*** 0.003*** 0.006*** 0.006*** 
  (5.58) (5.19) (6.00) (5.81) 
𝐸𝐸𝐶𝐶𝑁𝑁𝑌𝑌𝐶𝐶  -0.023* -0.021 -0.030 -0.029 
  (-1.90) (-1.45) (-1.53) (-1.37) 
𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶  0.002 0.001 -0.005 -0.005 
  (0.58) (0.43) (-1.16) (-1.29) 
          
ETF FE Yes Yes Yes Yes 
Industry FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Qtr FE Yes Yes Yes Yes 
Controls No Yes No Yes 
     
No. Obs. 56,885 56,099 56,885 56,099 
Adj-R2 0.0175 0.0192 0.0209 0.0237 
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Table A.7.1: Industry ETF shorting cost and hedging 

This table reports regression results of regressing the long-short dummy (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡) on the positive SUE 
dummy (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠,𝑡𝑡) in subsamples classified by the shorting cost of the industry ETF. We measure 
the shorting cost of the industry ETF by its historical average DCBS (Daily Cost of Borrowing Score from Markit 
database). A higher DCBS indicates a higher shorting cost. Based on the sample of ETF-stock pairs in Table 2, 
the ETF-stock pair with the parent industry ETF’s DCBS greater than or equal to the sample median is assigned 
into the high industry ETF shorting cost group, and the pair with the parent industry ETF’s DCBS smaller than 
the sample median is assigned into the low industry ETF shorting cost group. In each group, we run the same 
regressions as in Table 2. All standard errors are clustered by ETF and time. t-statistics are reported in the 
parentheses. *** is significant at 1%, ** is significant at 5%, and * is significant at 10%. 
 

DepVar: 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆 
Shorting Cost of Industry ETF Subsample 
Low High Low High 

 [1] [2] [3] [4] 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑃𝑃𝐶𝐶𝐶𝐶_𝑆𝑆𝑆𝑆𝑆𝑆 0.010*** 0.004** 0.007** 0.003 
  (4.12) (2.28) (2.54) (1.64) 
𝑆𝑆𝑖𝑖𝑆𝑆𝑁𝑁   -0.009*** -0.004*** 
   (-5.60) (-4.07) 
𝐵𝐵𝑀𝑀   0.003 0.002 
   (1.12) (1.02) 
𝐼𝐼𝐼𝐼   0.051*** 0.031*** 
   (7.01) (4.92) 
𝑆𝑆𝑁𝑁𝑅𝑅𝑁𝑁𝐶𝐶𝐶𝐶𝑌𝑌𝐶𝐶   -0.000 0.010 
   (-0.02) (1.18) 
𝑀𝑀𝐶𝐶𝐷𝐷𝑁𝑁𝐶𝐶𝐶𝐶𝐷𝐷𝐷𝐷   0.006 0.008* 
   (1.10) (1.87) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶𝑌𝑌   -0.000 -0.000 
   (-0.56) (-0.71) 
𝑆𝑆𝑌𝑌𝐶𝐶𝐶𝐶𝑃𝑃𝑁𝑁𝐶𝐶𝐶𝐶   -0.005 -0.000 
    (-1.15) (-0.19) 
      
ETF FE Yes Yes Yes Yes 
Industry FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Qtr FE Yes Yes Yes Yes 
      
No. Obs. 89,382 147,051 85,492 139,976 
Adj-R2 0.0250 0.0534 0.0312 0.0566 
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Table A.7.2: Industry ETF shorting cost and PEAD 

This table reports the effect of the industry ETF shorting cost on PEAD in stock-quarter level observations, based 
on the following regression model, 

𝐶𝐶𝐴𝐴𝑆𝑆(1, 𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 +  𝛽𝛽3𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡
+ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆 +  𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡 . 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 is a dummy that equals one for a stock in a given quarter if the average DCBS of the parent 
industry ETF is smaller than the sample median, and zero if the average DCBS of the parent industry ETF is 
greater than or equal to the sample median. We interact 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑠𝑠,𝑡𝑡 with 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 to capture the 
effect of the industry ETF shorting cost on the reduction of PEAD. We control for log market capitalization (Size), 
book-to-market ratio (BM), institutional ownership (IO), the number of analysts (# Analysts), and idiosyncratic 
volatility (IVOL) prior to the earnings announcement. Industry, year, and quarter fixed effects are included. We 
run the above regression model on our earnings announcement events ranging from 1999 to 2017 except for the 
crisis period (from the fourth quarter of 2006 to the fourth quarter of 2008). All standard errors are clustered by 
the stock and announcement date. t-statistics are reported in the parentheses. *** is significant at 1%, ** is 
significant at 5%, and * is significant at 10%.  
 

DepVar: 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 
 [1] [2] [3] [4] 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶   -0.002*** -0.002*** -0.003*** -0.003*** 
  (-3.44) (-3.04) (-3.36) (-2.94) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘  0.003*** 0.003*** 0.004*** 0.004*** 
  (8.00) (8.01) (7.60) (7.04) 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝐶𝐶𝐿𝐿_𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶  0.007*** 0.008*** 0.011*** 0.009*** 
  (3.39) (3.54) (3.62) (2.79) 
Size  -0.001***  0.000 
   (-2.74)  (0.85) 
BM  0.001  0.003** 
   (0.58)  (2.30) 
IO  0.001***  0.001*** 
   (3.76)  (3.38) 
# Analysts  0.001**  -0.000 
   (2.57)  (-1.07) 
IVOL  0.170**  -0.105 
   (2.52)  (-1.13) 
      
Industry FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Qtr FE Yes Yes Yes Yes 
      
No. Obs. 120,510 117,892 120,510 117,892 
Adj-R2 0.0087 0.0095 0.0041 0.0044 
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Table A.7.3: Number of industry ETFs and PEAD 

This table reports the effect of the number of industry ETFs that hold the same member stock on PEAD in stock-
quarter level observations based on the following regression model: 

𝐶𝐶𝐴𝐴𝑆𝑆(1, 𝑘𝑘)𝑠𝑠,𝑡𝑡 =  𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 × #𝑆𝑆𝐸𝐸𝐹𝐹𝑠𝑠,𝑡𝑡 + 𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 + 𝛽𝛽3#𝑆𝑆𝐸𝐸𝐹𝐹𝑠𝑠,𝑡𝑡 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝐼𝐼𝐶𝐶𝐼𝐼𝐷𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐷𝐷 𝐹𝐹𝑆𝑆
+  𝑌𝑌𝑁𝑁𝑌𝑌𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝑄𝑄𝐷𝐷𝑌𝑌𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶 𝐹𝐹𝑆𝑆 + 𝜖𝜖𝑠𝑠,𝑡𝑡 . 

In each quarter, we sort industry ETF member stocks into quintiles by the number of the parent industry ETF of 
the stock. #𝑆𝑆𝐸𝐸𝐹𝐹𝑠𝑠,𝑡𝑡 is the quintile rank. We interact #𝑆𝑆𝐸𝐸𝐹𝐹𝑠𝑠,𝑡𝑡 with 𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘𝑠𝑠,𝑡𝑡 to capture the effect of the number 
of the parent industry ETF on the reduction of PEAD. We control for log market capitalization (Size), book-to-
market ratio (BM), institutional ownership (IO), the number of analysts (# Analysts), and idiosyncratic volatility 
(IVOL) prior to the earnings announcement. Industry, year, and quarter fixed effects are included. We run the 
above regression model on our earnings announcement events ranging from 1999 to 2017 except for the crisis 
period (from the fourth quarter of 2006 to the fourth quarter of 2008). All standard errors are clustered by the 
stock and announcement date. t-statistics are reported in the parentheses. *** is significant at 1%, ** is significant 
at 5%, and * is significant at 10%.  
 

DepVar: 𝐶𝐶𝐴𝐴𝑆𝑆(1,30) 𝐶𝐶𝐴𝐴𝑆𝑆(1,60) 
 [1] [2] [3] [4] 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘 × #𝑆𝑆𝐸𝐸𝐹𝐹   -0.001*** -0.001*** -0.002*** -0.002*** 
  (-4.84) (-4.71) (-6.49) (-6.09) 
𝑆𝑆𝑆𝑆𝑆𝑆_𝑆𝑆𝑌𝑌𝐶𝐶𝑘𝑘  0.005*** 0.005*** 0.008*** 0.007*** 
  (8.35) (8.24) (10.15) (9.38) 
#𝑆𝑆𝐸𝐸𝐹𝐹  0.004*** 0.005*** 0.007*** 0.006*** 
  (5.26) (5.52) (6.63) (4.93) 
Size  -0.002***  0.000 
   (-4.12)  (0.18) 
BM  0.001  0.004*** 
   (1.51)  (2.82) 
IO  0.001***  0.001*** 
   (3.62)  (3.35) 
# Analysts  0.001***  -0.000 
   (3.25)  (-0.21) 
IVOL  -0.089  -0.307*** 
   (-1.13)  (-3.11) 
      
Industry FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 
Qtr FE Yes Yes Yes Yes 
      
No. Obs. 134,979 132,111 134,979 132,111 
Adj-R2 0.00716 0.00798 0.00415 0.00502 
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Table A.8: Descriptive statistics on retail trading activity 
This table reports descriptive statistics on market-wide retail trading activity. We estimate market-wide retail 
trading activity based on Boehmer, Jones, and Zhang (2019). The sample is from 2002.11 to 2017.12. We 
aggregate daily retail activity into the monthly level by summing up all activity in a month. 𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶 is the retail 
volume, Δ𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶 is the change of the retail volume, and 𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐼𝐼𝐼𝐼𝐵𝐵 is the order imbalance (or net trading) of 
retail trading activity. 𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶 and 𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐼𝐼𝐼𝐼𝐵𝐵 are normalized by the ETF’s monthly total volume. The last two 
columns report the difference in means between the industry and non-industry ETFs, and the significance of the 
difference using a two-tailed t-test. Standard errors are clustered both by ETF and date. *** is significant at 1%, 
** is significant at 5%, and * is significant at 10%. Panel B explores the contemporaneous correlation between an 
ETF’s short interest (𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡) and its retail trading activity (𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐼𝐼𝐼𝐼𝐵𝐵𝑖𝑖 ,𝑡𝑡). More specifically, we run the following 
regression: 
𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐼𝐼𝐼𝐼𝐵𝐵𝑖𝑖 ,𝑡𝑡 = 𝐼𝐼𝐶𝐶𝐶𝐶𝑁𝑁𝐶𝐶𝐼𝐼𝑁𝑁𝐼𝐼𝐶𝐶 + 𝛽𝛽1𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼𝐶𝐶𝐼𝐼𝑁𝑁𝐶𝐶𝑀𝑀𝑖𝑖 + 𝛽𝛽2𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 + 𝛽𝛽3𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼𝐶𝐶𝐼𝐼𝑁𝑁𝐶𝐶𝑀𝑀𝑖𝑖 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝜖𝜖𝑖𝑖,𝑡𝑡 . 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼𝐶𝐶𝐼𝐼𝑁𝑁𝐶𝐶𝑀𝑀𝑖𝑖 is a dummy variable which takes one if 𝑖𝑖 is an industry ETF. In control variables, we include the 
log total net asset value of the ETF and the time (year-month) fixed effect. Standard errors are clustered by ETF 
and time. *** is significant at 1%, ** is significant at 5%, and * is significant at 10%. 
 

Panel A 

 Industry ETFs Non-industry ETFs 
Difference T-stat. 

 Mean Median Std. Mean Median Std. 

𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶 0.175 0.151 0.140 0.217 0.212 0.142 -0.042*** (-4.81) 

Δ𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐸𝐸𝐶𝐶𝐶𝐶 0.001 0.000 0.107 0.002 0.000 0.118 -0.001 (-0.65) 

𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐼𝐼𝐼𝐼𝐵𝐵 0.005 0.000 0.086 0.010 0.004 0.091 -0.005*** (-3.48) 

Panel B 

DepVar:  𝑆𝑆𝑁𝑁𝐶𝐶𝑌𝑌𝑖𝑖𝐶𝐶𝐼𝐼𝐼𝐼𝐵𝐵𝑖𝑖,𝑡𝑡 

Intercept 0.009*** 0.013*** 

 (10.44) (5.79) 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼𝐶𝐶𝐼𝐼𝑁𝑁𝐶𝐶𝑀𝑀𝑖𝑖  -0.004** -0.004** 

 (-2.42) (-2.36) 

𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡  0.004 0.006 

 (0.57) (0.88) 

𝑆𝑆𝐼𝐼𝑆𝑆𝑖𝑖,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐼𝐼𝐶𝐶𝐼𝐼𝑁𝑁𝐶𝐶𝑀𝑀𝑖𝑖  -0.006 -0.006 

 (-0.80) (-0.92) 

Controls No Yes 

Time FE Yes Yes 

No. Obs. 45821 45821 

Adj-R2 0.001 0.001 
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Table A.9.1: ETF short interest and returns––the crisis and non-crisis periods 

This table compares the performance of the industry ETF portfolio sorted on the change in the short interest ratio 
(𝛥𝛥𝑆𝑆𝐼𝐼𝑆𝑆) in the crisis and non-crisis periods. At the end of each month, we sort industry ETFs into three groups 
(bottom 30% / mid40% / top 30%) based on 𝛥𝛥𝑆𝑆𝐼𝐼𝑆𝑆 in the month. Then, we track the equal-weighted portfolio 
return over the next month. Panel A reports holding period returns from January 2005 to December 2017, 
excluding the crisis period (from October 2006 to December 2008). Panel B reports holding period returns in the 
crisis period: from October 2006 to December 2008. We calculate CAPM alpha, FF3 alpha and FFC4 alpha for 
crisis and non-crisis periods, separately. Pane A replicates Panel A of Table 8. Panel C compares the difference 
in long-short portfolio returns (long the top 30% and short the bottom 30%) between the crisis and non-crisis 
periods. All standard errors are with Newey-West correction of one lag.  
 

Panel A: Non-Crisis period 
  Excess Returns CAPM alpha FF3 alpha FFC4 alpha 
 [1] [2] [3] [4] 
 Estimate T-stat. Estimate T-stat. Estimate T-stat. Estimate T-stat. 
Bottom 30% 1.11  3.02  -0.31  -4.63  -0.25  -4.31  -0.23  -4.19  
Mid 40% 1.30  3.71  -0.09  -1.19  -0.04  -0.60  -0.03  -0.43  
Top 30% 1.37  3.78  -0.05  -0.54  0.00  0.02  0.02  0.17  
Top - Bottom 0.26  2.81  0.26  2.77  0.25  2.69  0.25  2.59  

 
 

Panel B: Crisis period 
  Excess Returns CAPM alpha FF3 alpha FFC4 alpha 
 [1] [2] [3] [4] 
 Estimate T-stat. Estimate T-stat. Estimate T-stat. Estimate T-stat. 
Bottom 30% -1.70  -1.41  0.17  0.66  0.08  0.28  0.17  0.59  
Mid 40% -1.60  -1.23  0.48  2.62  0.33  2.48  0.30  2.35  
Top 30% -2.09  -1.65  -0.03  -0.18  -0.02  -0.10  -0.07  -0.43  
Top - Bottom -0.39  -1.12  -0.20  -0.67  -0.09  -0.30  -0.24  -0.72  

 
 
 

Panel C: Non-crisis vs. crisis period 
  Excess Returns CAPM alpha FF3 alpha FFC4 alpha 
 [1] [2] [3] [4] 
 Estimate T-stat. Estimate T-stat. Estimate T-stat. Estimate T-stat. 
Difference in Top - Bottom 

(Crisis - Non-Crisis) -0.64  -2.37  -0.45  -1.68  -0.34  -1.30  -0.48  -1.92  
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Table A.9.2: Further study on the return predictability of the short interest ratio   

This table reports robustness checks on the return predictability of ΔSIR. In Panel A, we form industry ETF 
portfolios sorted on ΔSIR (bottom 30% / middle 40% / top 30%) at the end of month t and track their performance 
from month t+1 to month t+12. To deal with overlapping portfolios in the holding period, we take the equally-
weighted return of the portfolio formed in different months as the holding period return. We report the long-short 
portfolio return (long the top 30% and short the bottom 30%) in the different holding periods. Panel B reports 
Fama-MacBeth regression of industry ETF discount in month t+1 on Δ𝑆𝑆𝐼𝐼𝑆𝑆 in month t. We compute discount as 
one minus the ratio of the month-end share price divided by the month-end NAV. In our control variables, we 
include stock characteristics as of month t end, including past 12-month returns, log market capitalization, book-
to-market ratio, asset growth, operating profitability, gross profitability, investment growth, net issuance, accruals, 
and net operating assets. Panel C reports Fama-MacBeth regression of the industry ETF return in month t+1 on 
the change in shares outstanding (𝛥𝛥𝑆𝑆ℎ𝐶𝐶𝐶𝐶𝐷𝐷𝐶𝐶) and Δ𝑆𝑆𝐼𝐼𝑆𝑆 in month t. The sample period of our analysis is from 
January 2005 to December 2017, excluding the crisis period (from October 2006 to December 2008). All standard 
errors are with Newey-West correction of one lag. t-statistics are reported in the parentheses. *** is significant at 
1%, ** is significant at 5%, and * is significant at 10%.  

 
 

Panel A: industry ETF long-short portfolios sorted on ΔSIR 
  Excess Returns CAPM alpha FF3 alpha FFC4 alpha 
 [1] [2] [3] [4] 
Holding Period Estimate T-stat. Estimate T-stat. Estimate T-stat. Estimate T-stat. 
Month t+1 0.24  2.65  0.24  2.59  0.23  2.50  0.23  2.40  
Moth t+2 to t+12 0.03  1.22  0.02  0.75  0.02  0.83  0.03  0.98  

 
 
 

Panel B: Fama-MacBeth regression of industry ETF discount on 𝛥𝛥𝑆𝑆𝐼𝐼𝑆𝑆 
DepVar: 𝐷𝐷𝑖𝑖𝐶𝐶𝐼𝐼𝐶𝐶𝐷𝐷𝐶𝐶𝐶𝐶 Discount = 1-PRC/NAV Discount = abs (1- PRC/NAV) 
 [1] [2] [3] [4] 
𝛥𝛥𝑆𝑆𝐼𝐼𝑆𝑆 0.000 -0.000 0.000 0.001 
  (0.31) (-0.80) (1.39) (1.21) 
Intercept -0.000 -0.001 0.001*** 0.003*** 
  (-3.49) (-1.47) (21.77) (11.16) 
     
Controls No Yes No Yes 

 
 
 

Panel C: Fama-MacBeth regression of industry ETF return on 𝛥𝛥𝑆𝑆ℎ𝐶𝐶𝐶𝐶𝐷𝐷𝐶𝐶 
DepVar: 𝑆𝑆𝑁𝑁𝐶𝐶 
𝛥𝛥𝑆𝑆ℎ𝐶𝐶𝐶𝐶𝐷𝐷𝐶𝐶 -0.003 -0.002 

  (-0.54) (-0.65) 
𝛥𝛥𝑆𝑆𝐼𝐼𝑆𝑆 0.031*** 0.022** 

  (2.87) (2.30) 
Intercept 0.013*** 0.020 

  (3.74) (1.70) 
   

Controls No Yes 
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Table A.10: Long-short activity and future stock returns 

This table reports the results on the return predictability of long-short activity. In the sample with ETF-stock pairs, 
we run Fama and MacBeth (1973) cross-sectional regressions. The dependent variable is the return of stock s in 
month t+1. The key independent variable 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡  captures “long-the-stock/short-the-ETF” hedging 
activity on stock 𝐶𝐶 using ETF i at the nearest quarter end prior to month t+1 (see Table 2 for the detailed definition). 
To examine the differential effect between stocks with high and low industry risk exposure, we follow Table 3 to 
sort all ETF-stock pairs into quartiles based on each ETF-stock pair’s industry risk exposure. 
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝐴𝐴𝑖𝑖𝑁𝑁ℎ𝑆𝑆𝐸𝐸𝐼𝐼𝐶𝐶𝐶𝐶𝐷𝐷𝐶𝐶𝑁𝑁𝑖𝑖,𝑠𝑠,𝑡𝑡 is a dummy variable that equals one for pairs in the top quartile and zero for the 
remaining pairs. In our control variables, we include stock characteristics as of month t end, including past 12-
month returns, log market capitalization, book-to-market ratio, asset growth, operating profitability, gross 
profitability, investment growth, net issuance, accruals, and net operating assets. The sample period is from 
January 2005 to December 2017, excluding the crisis period (from 2006Q4 to 2008Q4). All standard errors are 
with Newey-West correction of one lag. t-statistics are reported in the parentheses. *** is significant at 1%, ** is 
significant at 5%, and * is significant at 10%. 
 
 

DepVar: 𝑆𝑆𝑁𝑁𝐶𝐶𝑠𝑠,𝑡𝑡+1 
  [1] [2] [3] 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 0.50*** 0.45*** 0.27** 

  (3.22) (3.60) (2.40) 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝑆𝑆𝑆𝑆𝑖𝑖,𝑠𝑠,𝑡𝑡 × 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝐴𝐴𝑖𝑖𝑁𝑁ℎ𝑆𝑆𝐸𝐸𝐼𝐼𝐶𝐶𝐶𝐶𝐷𝐷𝐶𝐶𝑁𝑁𝑖𝑖,𝑠𝑠,𝑡𝑡     0.59** 

      (2.13) 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷_𝐴𝐴𝑖𝑖𝑁𝑁ℎ𝑆𝑆𝐸𝐸𝐼𝐼𝐶𝐶𝐶𝐶𝐷𝐷𝐶𝐶𝑁𝑁𝑖𝑖,𝑠𝑠,𝑡𝑡     -0.08 

      (-0.28) 

Intercept 1.48*** 1.57** 1.63** 

  (3.57) (1.98) (2.12) 

        

Controls No Yes Yes 
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Figure A.1: The 15 most shorted ETFs from Bloomberg 

 
 


