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I. Additional Analysis and Discussion



A. The Costs of Reduced Information Acquisition The conditional variance of payos given prices provides a useful summary statistic for the information content of prices, and this measure is frequently invoked in theoretical work on endogenous information acquisition (e.g., Grossman and Stiglitz (1980)). However, this conditional variance is dicult to operationalize in empirical applications. The volume-weighted price distortion, or the increase in price distortions relative to post-announcement values scaled by the amount of trade, is one method of doing so. The increase in trading volume-weighted price distortions represents an increase in transfers at random among market participants. This payo uncertainty is costly for (1) undiversied investors facing idiosyncratic risks and for (2) diversied investors facing systematically increased stock-level price uncertainty. Traders in high AT securities see greater payo uncertainty associated with trading at less informative prices, and the volume weights convert the greater payo uncertainty suered by all active traders into simple dollar terms. Because traders
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may open or close positions during the pre-announcement period, accreting trading at imprecise prices provides an upper bound on the additional risk exposure associated with information gaps. Besides contributing to nancial risks, information-poor stock prices also can inuence real out-
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comes through at least two channels that I cannot quantify here.



First, investment is sensitive to



market perceptions because nancing terms depend on market prices (Merton (1974)) and because managers respond to perceived capital constraints (Baker, Stein, and Wurgler (2003)). Uninformative prices articially reduce costs of capital or loosen constraints on some rms while starving others, thus potentially distorting real investment. Second, managers themselves may learn from prices, and prices reecting less information may result in suboptimal decisions or delay (e.g., Baumol (1965), Dow and Gorton (1997), and Chen, Goldstein, and Jiang (2007)). Although managers possess superior rm-specic knowledge, they nonetheless may learn from the market's perceptions on account of other agents' understanding of the industry or aggregate economic environment.



Empirical Implementation I conduct a back-of-the-envelope assessment of algorithmic trading's volume-weighted price distortion using price response ratio coecients for each date



k prior to the earnings announcement.



I emphasize that this section serves only to gauge the order of magnitude of potential costs rather than to formally evaluate welfare or discuss costs net of other channels by which AT change investor behavior. The estimated coecient on the algorithmic trading proxy represents the average slope



  (T −21,T −k) (T −21,T +2) β (k) = ∂ CARit /CARit /∂xit ,



where



i



xit



is the algorithmic trading proxy and



from dates



k1



to



k2 around



content of the announcement



1



(k ,k2 )



CARit 1



some announcement date



(T −21,T +2)



CARit



(1)



cumulates the abnormal return of stock



T.



Holding xed the total information



, I multiply both sides by



(T −21,T +2)



CARit



(T −22)



Pit



and



Bond, Edmans, and Goldstein (2012) surveys these and other channels by which nancial markets have real



economic eects. Appendix C.1 of Baldauf and Mollner (2015) oers a targeted review of the relation between price informativeness and real outcomes.
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substitute log for level excess returns to obtain



(T −21,T +2)



β (k) CARit



(T −22)



Pit



=



  (T −21,T −k) (T −22) ∂ CARit Pit ∂xit



This expression represents the additional price distortion
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ment for a marginal increase in algorithmic trading.



P˜it k



(k)



≈



∂ P˜it . ∂xit



(2)



days before the earnings announce-



In other words, how much closer to the



post-announcement value are prices expected to be for a small change in algorithmic trading activity? Denoting date



k



Vit



as the number of shares traded for security



i



at time



t,



the trading distortion for



is



(k)



(k) ∆$Vit



∂Pit (k) (T −21,T −k) (T −22) (k) ≈ Vit ≈ β (k) CARit Pit Vit ∂xit



for a one-unit change in the algorithmic trading measure



xit .



of matched order ow and expected price distortions on date



(3)



This quantity equals the product



k,



or informally, the increase in the



amount of trade at wrong prices associated with a small increase in algorithmic trading activity. To improve interpretability of Equation (3)'s dollar distortion, I scale each algorithmic trading coecient by dierences in the algorithmic trading proxy between current average levels and a low-AT counterfactual. For each AT characteristic, I subtract the value at the 10th percentile from the mean value for each calendar quarter, and I scale by the average of these dierences across quarters. Table I tabulates the corresponding distortions by date, and Figure I presents these results graphically. Distortions increase almost monotonically as earnings announcement dates approach. Focusing rst on the OLS estimates, the average increase in daily transfers at imprecise prices peaks at more than $32,400 per stock-day on average across instrumented algorithmic trading measures, and the corresponding average cumulative distortion exceeds $373,400 for each stockquarter earnings announcement event.



Multiplying this estimate by the mean number of stock-



quarters per year in the sample (11,553) delivers an annual AT distortion of $2.99$4.96 billion for quarterly earnings announcements alone, with a cross-measure average of $4.31 billion.



Of



course, all values should be considered with caution, as these are back-of-the-envelope estimates
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The approximation does not simplify to



(T −k)



β (k) Pit



because returns net out factor premia and the risk-free rate.
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8.14



12.79



16.01



18.26



21.05



23.53



26.15



28.64



29.93



31.91



35.12



36.78



39.66



39.42



41.41



41.93



477.32



T − 15d



T − 14d



T − 13d



T − 12d



T − 11d



T − 10d



T − 9d



T − 8d



T − 7d



T − 6d



T − 5d



T − 4d



T − 3d



T − 2d



T − 1d



Total



6.87



T − 18d



10.68



5.14



T − 19d



T − 16d



2.57



T − 20d



T − 17d



1.33



T − 21d



399.64



34.21



34.16



32.09



32.53



30.76



28.51



26.02



24.41



23.88



20.93



19.25



17.34



15.38



13.86



11.23



8.76



7.82



8.33



5.87



2.96



1.34



336.97



29.64



30.95



29.10



28.68



27.95



27.09



24.11



22.41



20.23



18.35



15.83



13.48



11.37



9.77



8.39



7.08



4.53



4.47



2.38



0.81



0.34



OLS



428.91



37.59



38.06



35.43



35.68



34.08



31.10



28.35



26.15



24.98



21.83



20.47



18.30



16.24



15.09



11.54



9.55



7.63



7.76



5.40



2.44



1.25



IV



−4.60 − (−3.77) = −0.83



IV



−2.45 − (−3.61) = 1.16



OLS



Trade-to-Order Ratio



Odd Lot Ratio



Est. Type



Scaling



($'000s)



290.25



24.24



25.59



24.13



24.21



23.46



23.40



20.95



20.25



18.65



16.32



14.04



12.17



9.49



8.37



7.47



6.05



4.64



4.17



2.20



0.56



-0.12



OLS



406.26



34.97



35.49



32.69



33.07



31.57



28.76



26.62



25.10



24.44



21.52



19.98



17.67



14.87



14.38



11.25



8.93



7.77



7.91



5.21



2.75



1.31



IV



3.31 − 2.62 = 0.69



Cancel-to-Trade Ratio



Estimates are constructed for both OLS and IV price response coecients.



311.04



28.37



28.44



26.55



26.17



23.99



22.58



20.52



19.15



17.65



16.16



14.66



13.22



11.43



10.18



8.01



7.12



5.71



4.95



3.44



1.76



0.96



OLS



258.87



22.97



23.39



21.56



21.82



20.54



18.83



17.08



15.94



15.28



13.42



12.23



11.00



9.51



8.68



6.72



5.26



4.56



4.80



3.22



1.40



0.66



IV



4.34 − 4.72 = −0.38



Avg. Trade Size



32.44 373.42



32.78



30.44



30.78



29.24



26.80



24.52



22.90



22.15



19.43



17.98



16.08



14.00



13.00



10.19



8.13



6.95



7.20



4.93



2.39



1.14



IV



31.05



X



353.90



31.60



29.80



29.68



28.05



27.05



24.37



22.94



21.29



19.25



17.02



14.98



12.64



11.08



9.17



7.73



5.76



5.12



3.29



1.43



0.63



OLS



Mean



430.72



37.53



37.82



35.66



35.49



34.04



33.06



29.86



28.25



26.23



23.57



21.15



18.32



15.41



13.88



11.17



9.60



6.89



6.35



4.03



1.78



0.64



OLS



341.28



28.99



28.66



26.56



27.14



26.17



24.12



22.14



21.07



20.69



17.97



16.96



15.00



13.20



12.34



9.85



8.00



6.99



7.06



4.74



2.50



1.12



IV



0.01 − (−1.38) = 1.39



AT PCF1



date to obtain a point estimate for the increase in dollar volume-weighted price distortions induced by AT for each pre-announcement date.



percentiles of each AT measure. I then multiply these daily AT price distortion estimates by the average dollar volume traded for each stock-



by date. I then multiply this value by the estimated eect of algorithmic trading by averaging over quarterly dierences in means and 10th



This quantity represents the simple estimate for the eect of an additional unit of each proxy on information acquisition that does not occur



factor model by the corresponding price response coecient for the algorithmic trading proxy and date relative to the earnings announcement.



rst multiply the size of the cumulative pre- and post-announcement abnormal price response relative to the Fama and French (1992) three-



Table reports estimated distortions associated with algorithmic trading's eects on information acquisition before earnings announcements. I



Table I: Average Volume-Weighted Price Distortion by Event Date
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I then multiply this value by the estimated eect of algorithmic trading by averaging over quarterly dierences in means



volume-weighted price distortion ($'000s)



-20



-10



date relative to announcement date



-15



-Odd Lot Volume Trade to Order Volume -Cancel to Trade Ratio Trade Size First PC



-5



(a) Average Volume-Weighted Price Distortion by Date (Event Time)
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0 (b) Average Volume-Weighted Price Distortion by Date (Event Time; IV)
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induced by AT by date. The right plot repeats this calculation using the eect of algorithmic trading estimated with the lagged log stock price



the average dollar volume traded for each stock-date to obtain a point estimate for the increase in dollar volume-weighted price distortions



(exceeding the 10th percentile) and 10th percentiles of each AT measure. The left plot multiplies these daily AT price distortion estimates by



announcement.



(1992) three-factor model by the corresponding price response coecient for the algorithmic trading proxy and date relative to the earnings



both subgures, I rst multiply the size of the cumulative pre- and post-announcement abnormal price response relative to the Fama and French



Figures plot estimated distortions associated with algorithmic trading's eects on information acquisition before earnings announcements. For



Figure I: Algorithmic Trading Information Distortions



volume-weighted price distortion ($'000s)



with uncertainty compounding in each step. However, this analysis nonetheless makes clear that the increase in payo uncertainty associated with greater algorithmic participation is quite substantial.



Relation to Adverse Selection Costs I briey examine two classic market microstructure models with adverse selection to oer related interpretations of



∆$Vit



and the price jump ratio measure. In a Kyle (1985) world, price informed-



ness and adverse selection costs are linked. In the simplest case of a one-period Kyle model, the insider trades with intensity linear in



σu /σv ,



or the standard deviation of noise trader demands



divided by the standard deviation of the uninformed trader's prior on the payo.



The insider's



gains are other traders' losses, and the unconditional average prots for the insider are



1 2 σu σv .



This expression is precisely a scaling of uninformed volume multiplied by prior price uncertainty. In such a world, the



∆$Vit



volume is proportional to



measure captures costs to uninformed traders up to scaleexpected



σu and



the evolution of



σv



over the pre-announcement period.



In a Grossman and Stiglitz (1980) economy in which agents decide whether to acquire information, the adverse selection cost borne by uninformed traders is exactly equal in expected utility terms to the cost of acquiring the signal. The sucient statistics for characterizing welfare are the cost of the signal, the precision of the acquirable information, and the agent's risk aversion. Holding xed risk aversion and varying information technology (information precision or cost), high information acquisition equilibria are ex ante and interim Pareto-improvements over low-information acquisition equilibria. Said dierently, any measure of the information content of prices is a valuable summary statistic for welfare when considering variation in the level of information technology (e.g., utilization of AT).



B. How Does AT Reduce Information Acquisition? I construct proxies for net algorithmic liquidity making and taking and test the hypothesis that each category has an equal association with information acquisition against the alternative of unequal eects. In conjunction with results on the aggregate eects of algorithmic trading on information acquisition, this tests helps to identify the dominant channel by which AT aects the
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information content of prices. This split between liquidity making and liquidity taking is motivated by theories relating algorithmic trading to information ows. For instance, back-running on order ow described by Yang and Zhu (2016) and van Kervel and Menkveld (2016) focuses on liquidity-taking trades that exhaust limit orders that would otherwise be available to informed traders. Hendershott, Jones, and Menkveld (2011) focuses (implicitly) on smart limit-order placement employed in liquidity making. Chaboud et al. (2014) examines both algorithmic liquidity making and liquidity taking and nds dierential eects on price discovery and liquidity. Empirical research in this area typically studies actions, or assumes that strategies and actions are strongly linked.



For example, Brogaard, Hendershott, and Riordan (2014)'s results on price



discovery concern the activities of HFT liquidity-taking regardless of the strategies generating these actions, whereas Han, Khapko, and Kyle (2014)'s market makers exclusively provide liquidity. To avoid confusion between market participants, strategies, and actions, I focus on particular actions taken by algorithmic traders (and inferred from the MIDAS data) rather than particular strategies generating those actions or particular market participants engaging in trading strategies.



I draw on the MIDAS data to introduce a new measure of net liquidity



Latent Factor Approach



demand by algorithmic traders.



Each measure of algorithmic trading activity is a composite of



liquidity supply by algorithmic traders (LSAT) and liquidity demand by algorithmic traders (LDAT) plus a noise term,



x x xit = βLS LSATit + βLD LDATit + it .



(4)



Because account-level information is not available, I cannot directly observe the algorithmic liquidity supply and demand for each stock-quarter pair. I instead identify algorithmic liquidity demand versus supply using the feature that each measure loads on slightly dierent combinations of algorithmic trading activity, and algorithmic trading activity



x 6= β x βLD LS



in general. We can interpret the stacked vector of total



ATit ≡ LSATit + LDATit



as a latent factor with loadings



stacked vector of net liquidity demand by algorithmic traders
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βAT



and the



N LDATit ≡ LDATit − LSATit



as



βN LD ,



another latent factor with loadings



xit =



1 x 1 x x x (βLS + βLD ) (LSATit + LDATit ) + (βLD − βLS ) (LDATit − LSATit ) + it 2 2



x x = βAT ATit + βN LD N LDATit + it .



Note that if



N LDATit



(5)



can only be identied in the



(T × N )×4 panel of algorithmic trading measures



x βN LD 6= 0 for at least one x, or equivalently, if at least one measure of AT activity better captures



algorithmic liquidity demand or supply. Given Equation (5), it is tempting to select AT measures with a priori positive or negative



x βN LD



and to group the positive



(21)



jumpit



x βN LD



=α+β



and negative



X



x



x βN LD



sign (βN LD ) xit



measures in a regression of the form



+ γ × controlsit + it .



(6)



x The problem with this approach is that the composite regressor loading on



β,



ATit .



Contamination by



ATit



x x sign (βN LD ) xit has an unknown



P



contributes to an omitted variable bias in the estimate of



and this bias cannot be readily signed. However,



ATit



and



N LDATit ,



or something like them,



can be recovered by extracting latent factors from the panel of algorithmic trading measures. Given



ATit ,



the specication



(21)



jumpit



= α + βAT ATit + βN LD xit + γ × controlsit + it



cleans the algorithmic trading measures of the variation simply



x βN LD N LDATit



as an approximation to



x , βAT



(7)



and the residual variation in



xit



is



(up to measurement error). Alternatively, I can use the second latent factor



N LDATit



if the loadings on the individual AT measures are economically



plausible. Table II reports the factors recovered from the four algorithmic trading measures.



The rst



principal component factor explains 70.0% of panel variation in the four AT proxies, and it loads positively on odd lot volume and cancel-to-trade ratios and negatively on trade-to-order volume ratios and average trade size. These loadings are consistent with the relationships between these
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Table II: Principal Component Factors of Algorithmic Trading Proxies This table presents correlations of the two dominant latent factors with the four algorithmic trading measures and a simple composite of signed AT measures.



Latent factors are recovered as the principal component



(T × N ) × 4 stacked matrix of algorithmic trading measures for each stock i and quarterly earnings announcement t from January 2012 through September 2016. I retain all factors with eigenvalues exceeding 1.00. Construction of algorithmic trading proxies derived from SEC MIDAS data are described in factors of the



the main text. The composite measure is the sum of z-scores of the algorithmic trading measures weighted by the sign of their conjectured loading on net algorithmic trading activity.



Principal Factors First Factor Second Factor ∗



p < .10,



∗∗



p < .05,



Odd Lots 0.885



∗∗∗



∗∗∗ 0.430 ∗∗∗



Trades Orders ∗∗∗ -0.869



Cancels Trades ∗∗∗ 0.745



∗∗∗ 0.405



∗∗∗ -0.623



Trade Size



x x sign (βN LS ) z



P



(xit )



Explanatory Share



∗∗∗ -0.842



∗∗∗ 0.083



70.0%



∗∗∗ -0.517



∗∗∗ 0.996



25.1%



p < .01



measures and algorithmic trading established in prior work. The second principal component factor explains 25.1% of panel variation, and it loads positively on odd lot volume and the trade-to-order volume ratio and negatively on the cancel-to-trade ratio and trade size. I interpret this component as measuring algorithmic liquidity demand relative to algorithmic liquidity supply. In support of the simple two-factor structures of Equations (4)-(5), these factors together explain more than 95% of variation in the algorithmic trading measures. I motivate interpretation of the second factor as a



N LDATit



proxy by examining each of the



second factor's loadings in turn. First, odd lots are driven primarily by consuming liquidity in small sizes rather than by oering liquidity in small sizes.



To support this claim, I exploit the multi-



exchange perspective of the MIDAS data and the fact that NYSE and AMEX report trade sizes by initiating order instead of decomposing orders into matches with individual contra or resting



3



orders.



If liquidity takers trade in odd lots, the NYSE would report odd execution sizes regardless



of how liquidity providers behave. Indeed, I nd that the panel regression coecient of odd lot shares of volume on the NYSE and AMEX and on other exchanges is close to one1.21 with a standard error of 0.025 (clustered by stock and month) and an



R2



of 77.8%suggesting that the method of trade size reporting has little



eect on the prevalence of odd lots. Because the NYSE/AMEX size reports are wholly attributable to liquidity demanders (conditional on not exhausting the best bid or oer), panel variation in odd



3



http://www.sec.gov/marketstructure/research/highlight-2014-03.html provides additional background on dier-



ences in reporting methods among exchanges and implications for my AT proxies.
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lots must be associated primarily with algorithmic liquidity taking rather than algorithmic liquidity making. Likewise, greater order splitting by algorithmic liquidity takers also translates into lower average trade sizes, and here the panel regression coecient of NYSE/AMEX log trade sizes on other exchanges' values is eectively one0.99 with a standard error of 0.037 and an



R2



of 60.6%.



Second, variation in cancel-to-trade and trade-to-order volume ratios is explained by liquidity providers repeatedly modifying or canceling their quotes rather than by liquidity consumers trading more or less while holding quoting activity xed. Accordingly, more algorithmic liquidity maker activity is associated with lower trade-to-order volume ratios and higher cancel-to-trade ratios. Putting together these interpretations for odd lots, trade sizes, cancel-to-trade ratios, and tradeto-order volume ratios obtains my interpretation of the second factor as a These interpretations also give signs for the simple



standardize each variable in this composite by taking its measures



xit



N LDATit



proxy.



x x sign (βN LD ) xit composite measure. I



P



z



-score because the algorithmic trading



have dierent dispersions. The adjusted measure,



x x sign (βN LD ) z (xit ) has a corre-



P



lation of 99.6% with the second principal component factor. Because the simple weighted measure and the second-principal component factor are virtually identical, I include only the factor in my analysis.



Latent Factor Results



Table III presents regressions of price jump ratios on principal compo-



nent factor proxies for net algorithmic liquidity taking. The rst principal component factor score has a large and positive regression coecientmore algorithmic trading is associated with less information acquisition. The second principal component factor score has a small and unreliable coecient, suggesting that algorithmic liquidity taking and algorithmic liquidity making have a roughly equal association with information acquisition. Specications (3) and (4) modify the regression of price jump ratios on algorithmic trading proxies to account for potential omitted variable biases in the degree of algorithmic trading within a stock. I instrument the rst factor of AT proxies with the lagged log stock price as in the main text. The resulting empirical system for specications (3) and (4) is



P CF1it = ζ + ηlpriceit + ϕP CF2it + θ × controlsit + δit , 10



Table III: Algorithmic Liquidity Provision / Taking and Announcement Price Impact Table presents results from a regression of price jump ratios on proxies for net liquidity provision by algorithmic traders:



(21)



jumpit For each stock



= α + βAT P CF1it + βN LD P CF2it + γ × controlsit + it .



i and quarterly earnings announcement t from January 2012 through September 2016, the price (21)



jump ratio (jumpit



) is measured as the ratio of the announcement response divided by the total variation in



the pre- and post-announcement period:



(T −1,T +2)



CARit



(T −21,T +2)



/CARit



. Cumulative abnormal returns (in



logs) are net of Fama and French (1992) three-factor implied returns over the same interval.



P CF1 and P CF2



denote the stock-event principal factor scores for the AT proxies. Observations with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described in the main text) are dropped. Market capitalization, share price, and return volatility are logs of daily averages over



[T − 42, T − 22],



and the quoted spread is average of the time-weighted bid-ask spread over the same interval (reported in percent).



The number of analysts is the log of the largest number of reporting analysts in the Thomson



Reuters I/B/E/S database associated with each stock-quarter announcement. The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter. IV specications instrument



P CF1



with the lagged log stock price and controls. Construction of



algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. All standard errors are clustered by security and month and are reported in parentheses. Kleibergen and Paap (2006) LM and Wald



F



critical value of



16.38. P CF2



P CF2 P CF1 Market Cap.



and



P CF1



P CF2



P CF1



(2)



(3)



(4)



∗∗ 0.0123



∗ -0.00978



∗ 0.0100



∗∗∗ -0.0229



(0.00556)



(0.00554)



(0.00563)



(0.00589)



∗∗∗ 0.0566



∗∗∗ 0.0846



∗∗∗ 0.0416



∗∗∗ 0.0368



(0.00548)



(0.00778)



(0.00588)



0.00106



∗∗ -0.0124



0.00295



(0.00347)



(0.00604)



(0.00351)



-0.0476



Ret. Vol.



Quoted Spr.



#Analysts



IOR



(0.00452) X -0.0102



(0.0119)



(0.0123)



∗∗∗ -0.0532



∗∗∗ -0.0634



(0.00810)



(0.00852)



∗∗∗ 0.0594



∗∗∗ 0.0524



(0.00776)



(0.00791)



∗∗∗ 0.124



∗∗∗ 0.133



(0.0235) 0.452



∗∗∗



-0.00273



∗∗∗



(0.0700)



(0.00633) -0.0288



∗∗∗



(0.00993)



Constant



and Instrumented



(1)



Price



X



(0.0232) ∗∗∗ 0.413



(0.0707)



X



Month FEs



No



Yes



No



Stock FEs



No



No



No



No



0.0120



0.0358



0.0113



0.0334



23624



23369



N/A



N/A



N/A



N/A



R2 N K-P



rk



LM



K-P



rk



Wald



∗



p < .10,



∗∗



rk



statistics are reported in IV specications, with a 10% maximal IV size corresponding to a



F p < .05,



∗∗∗



p < .01 11



Yes



23624 42.47



∗∗∗



4724.4



23369 ∗∗∗ 41.85



5242.5



(21)



jumpit



\ = α + βP CF2it + γ1 P CF 1it + γ−1 × controlsit + it .



(8)



Order anticipation of algorithmic liquidity consumers and improved quoting of algorithmic market makers continue to have roughly equal deterrent eects on information acquisition. I caveat these results with the fact that I do not have an instrument to extract exogenous variation in the second principal component factor of the AT proxies. For this reason, coecients in Table III should be viewed as associative or equilibrium relations. Work is ongoing to establish causal counterparts to these relations.



Alternatives to the Second Principal Component Factor Equation (5) suggests that we can substitute any of the individual algorithmic trading proxies in place of the second principal component factor in the OLS regression of price jump ratios on the AT proxy factors. The substitution works because including the rst principal component factor jointly with an AT proxy cleans the AT proxy of its loading on the level of algorithmic trading, so the latter's regression coecient is identied o of the residual variation is uncorrelated with



(21)



jumpit



, this alternate regression identies



x βN LD N LDATit + it .



N LDATit 's



If



it



eect on information



acquisition up to scale. This alternative implementation presents a clear trade-o between statistical precision in recovering



N LDATit



and economic precision on the interpretation of the regressor. Although I make



an economic case for identifying the latent factor, a skeptic may prefer any of the four algorithmic trading measures



x



for which he has more condence about the sign of



x βN LD .



For this reason, I



repeat the analysis for each of the four AT proxies separately rather than using a single common factor among the proxies. Table IV presents results of the alternative regression specication for each AT proxy,



(21)



jumpit



= α + βN LD xit + βAT P CF1it + γ × controlsit + it .



As before, all coecients on the rst principal component factor are economically large and statistically signicant at the 1% signicance level. Also as before, no algorithmic net liquidity demand
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i and quarterly earnings announcement



t



(21)



from January 2012 through September 2016, the price jump ratio (jumpit



= α + βAT P CF1it + βN LD xit + γ × controlsit + it . )



.



P CF2



denote the stock-event principal factor scores for the AT proxies. Observations with cumulative net



Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns



and



[T − 42, T − 22], and the quoted spread is average of the time-weighted bid-ask spread
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∗



N
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∗∗∗
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(0.00784)



0.00767 (0.0124)
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X
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0.00413



(3)
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(2)



Odd Lot Ratio



0.00960



x=



(0.0140)



(1)



are between-group values and the constant is absorbed.



Month FEs



Constant



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Price



Market Cap.



P CF1



x



reported



23624
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∗∗∗ 0.0635



(0.0167)



0.0150



(4)
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Trade-to-Order Ratio
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X



(0.0134)
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(0.0226)



0.0104



(6)



is dropped from stock xed eects regression on account of near-collinearity with market capitalization. In stock xed eects specications,



MIDAS data are described in the main text. All standard errors are clustered by security and month and are reported in parentheses. Log price



held by 13F ling institutions at the end of the preceding calendar quarter. Construction of algorithmic trading proxies (xit ) derived from SEC



Reuters I/B/E/S database associated with each stock-quarter announcement. The institutional ownership ratio (IOR) is the fraction of shares



over the same interval (reported in percent). The number of analysts is the log of the largest number of reporting analysts in the Thomson



price, and return volatility are logs of daily averages over



price impact not exceeding a minimum multiple of prior return volatility (described in the main text) are dropped. Market capitalization, share



P CF1



(T −21,T +2)



/CARit



over the same interval.



CARit



(T −1,T +2)



is measured as the ratio of the announcement response divided by the total variation in the pre- and post-announcement period:



For each stock



jumpit



(21)



Table presents results from a regression of price jump ratios on proxies for net liquidity provision by algorithmic traders:



Table IV: Algorithmic Liquidity Provision / Taking and Announcement Price Impact  Alternative Specication
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∗
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∗∗



p < .05,
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(0.00779)



∗∗∗ 0.0596
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∗∗∗ 0.102



(0.0273)
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Avg. Trade Size



23059
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Yes



X
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∗∗ -0.0283
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0.00772



X
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Table IV: Algorithmic Liquidity Provision / Taking and Announcement Price Impact  Alternative Specication (Continued)



proxy has a reliable relation to the information content of prices, regardless of the conjectured sign of



x βN LD .



This table conrms the roughly equal contribution of algorithmic liquidity taking and



liquidity making to decreased pre-announcement information acquisition.



II. Tests of Alternative Explanations



A. Deterring One or Many Informed Traders Consider an economy with



N



strategic informed traders as in Holden and Subrahmanyam (1992)



or Foster and Viswanathan (1993). The size of the terminal jump is the same for any



N ≥ 1:



zero



on average and with variance depending on the precision of the informed traders' signal. The price jump measure is sensitive only to the binary of whether information is acquired before an earnings



4



announcement.



This binary is the comparison of most interest because AT-induced ipping to the



no information acquisition state has the largest impact on the information content of prices. The number of informed traders does not aect the price jump ratio measure so long as at least one investor discovers the information, but the price response ratiothe generalization of the price jump ratio to other dates before the earnings announcementdoes not share this indierence to



N.



Intuitively, more informed traders change the shape of the price discovery function. Intermediate cases with moderate



N



feature faster-than-linear convergence of prices to the anticipated post-



disclosure value as informed traders compete to earn information rents without revealing their information to the market maker. As



N



becomes large, both Holden and Subrahmanyam (1992)



and Foster and Viswanathan (1993) predict convergence to the strong-form ecient outcome of complete and immediate responses of prices to private information. This dierential evolution of the price response ratio allows testing of whether one or many informed traders are deterred in the typical case. Strategic trading models with a single informed trader à la Kyle (1985) predict linear growth in the information gap if algorithmic trading reduces the number of informed traders from one to zero.



Models with multiple informed traders, by



contrast, imply a U-shaped growth in the information gap as the number of informed traders



4



For this reason, omitting additional



N >1



informed trader price paths in Figure I of the main text is without



loss of generality as far as my measure is concerned.
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falls because the initial frenzy of informed trading weakens but the endpoint remains the same on average. Table V reports test statistics associated with the hypothesis that the information gap grows at a constant rate (β



(−21)



= . . . = β (−1) ).



Evidence against equal rates of deterrence of information across dates is mixed.



Two of the



four instrumented measures and the instrumented composite principal component factor measure do not reject linear deterrence at the 5% signicance level in the baseline specication, and none of the instrumented measures reject linear deterrence in the specication with additional controls. In light of this evidence, it is likely that the sample features deterrence in both moderate



N



and



one-informed trader settings.



B. Deterring Information Acquisition Everywhere The relation between algorithmic trading and information acquisition is not specic to a subset of stocks. Tables VI and VII run group-specic versions of the central regression of the main text,



xit = ζg + ηg lpriceit + ϕg lpriceit + θg × controlsit + δit , (21)



jumpit



where



x ˆit



(9)



= αg + βg xc it + γg × controlsit + it ,



is the instrumented proxy for the activity of algorithmic traders for a particular security-



event pair, and



g



subscripts indicate coecients estimated on observations belonging to group



g.



Table VI reports results for market capitalization quintile groups. I construct quintiles by calendar month over market capitalization 22 days before earnings announcements. Eects are economically similar across market cap quintiles 2-4, with slightly smaller and slightly larger eects in the smallcap (Q1) and large-cap (Q5) groupings, respectively. In addition, no pairwise dierence in betas is statistically signicant at the 5% level. Results are thus not sensitive to nonlinear functions of market capitalization. Table VII reports estimates for yearly calendar groups, where year groupings are determined by earnings announcement dates. Signs and statistical signicance are maintained throughout the sample for each algorithmic trading proxy and specication. Consistent with intraperiod timeliness
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Table V: Algorithmic Trading and the Timing of Information Acquisition Table presents results from IV regressions of price response ratios on a set of algorithmic trading proxies:



(k)



(k)



xit = ζ + ηlpriceit + θ × controlsit + δit , (k,21)



∆responseratioit For each stock



i



= α + β (k) x ˆit (k) + γ × controlsit + it , ∀k = 1, . . . , 21.



and quarterly earnings announcement



t



from January 2012 through September 2016,



the price response ratio is measured as the ratio of the cumulative price response (top) through date



k



prior to the announcement date divided by the total variation over the information incorporation window:



(T −21,T −k)



(T −21,T +2)



CAR /CARit . The concurrent price response ratio used as the dependent variable is it   (T −21,T −k) (T −21,T −k−1) (T −21,T +2) (T −21,T −22) CARit − CARit /CARit , where I set CARit equal to zero. Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns over the same interval. Observations with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described in the main text) are dropped. Table entries correspond with cross-equation Wald test statistics and p-values for hypotheses on sets of



β (·)



estimated using two-step GMM. Basic specication consists of algorithmic trading proxy and market



capitalization. All specication adds share price, return volatility, quoted spread, number of analysts, and month xed eects. Market capitalization, share price, and return volatility are logs of daily averages over



[T − 42, T − 22], and the quoted spread is average of the time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the log of the largest number of reporting analysts in the Thomson Reuters I/B/E/S database associated with each stock-quarter announcement. The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter.



Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are



described in the main text, and the rst principal component factor of these proxies is denoted by rst PCF. All standard errors are clustered by security and month. Linear Deterrence



H0 : β (−21) = . . . = β (−1) Controls



k



Degrees of Freedom



x=



Odd Lot Ratio



χ



2



p x=



Trade-to-Order Ratio



x=



Cancel-to-Trade Ratio



x=



Avg. Trade Size



χ2 p



x=



First PCF of AT Measures



p < .10,



∗∗



p < .05,



∗∗∗



(2)



basic



all



20
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∗ 29.61



18.92
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∗∗∗ 62.58



22.45



0.000
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∗∗∗ 61.35



24.86



p
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0.207



χ2
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25.39



p



0.211



0.189



17.15



20.06
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0.454



χ2



χ



2



p ∗



(1)



p < .01
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i and quarterly earnings announcement



t



(21)



from January 2012 through September 2016, the price jump ratio (jumpit



= αq + βq xc it + γq × controlsit + it .



xit = ζq + ηq lpriceit + ϕq lpriceit + θq × controlsit + δit , (21) jumpit



)



(T −21,T +2)



/CARit .



Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns



[T − 42, T − 22],



and



All Kleibergen and Paap (2006)



rk



All standard errors are LM statistics exceed 30 and reject
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Avg. Trade Size (7)



x=



underidentication at the 1% signicance level. Coecients on controls for each set of quintile regressions are suppressed for display purposes.



clustered by security and month and are reported in parentheses.



Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text.



The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter.



log of the largest number of reporting analysts in the Thomson Reuters I/B/E/S database associated with each stock-quarter announcement.



the quoted spread is average of the time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the



in the main text) are dropped. Market capitalization, share price, and return volatility are logs of daily averages over



over the same interval. Observations with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described



CARit



(T −1,T +2)



is measured as the ratio of the announcement response divided by the total variation in the pre- and post-announcement period:



For each stock



q = 1, . . . 5:



Table presents results from separate IV regressions of price jump ratios on algorithmic trading proxies for each market capitalization quintile



Table VI: Determinants of Announcement Price Impact by Market Cap
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i and quarterly earnings announcement



t



(21)



from January 2012 through September 2016, the price jump ratio (jumpit



= αy + βy xc it + γy × controlsit + it .



y = 2012, . . . , 2016:
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[T − 42, T − 22],



and the



rk
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clustered by security and month and are reported in parentheses. All Kleibergen and Paap (2006)



Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. All standard errors are



The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter.



of the largest number of reporting analysts in the Thomson Reuters I/B/E/S database associated with each stock-quarter announcement.



quoted spread is average of the time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the log



the main text) are dropped. Market capitalization, share price, and return volatility are logs of daily averages over



the same interval. Observations with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described in



CARit



measured as the ratio of the announcement response divided by the total variation in the pre- and post-announcement period: (T −1,T +2) (T −21,T +2) /CARit . Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns over



For each stock



(21) jumpit



xit = ζy + ηy lpriceit + ϕy lpriceit + θy × controlsit + δit ,



Table presents results from separate IV regressions of price jump ratios on algorithmic trading proxies for each year



Table VII: Determinants of Announcement Price Impact by Year



results in the main text, the deterrent eects of algorithmic trading have strengthened in 20152016 relative to 20122014. In short, the deterring eect of algorithmic traders on information acquisition is not limited to particular groups of stocks or dates, but instead is found across the board.



C. The Roles of Managers, Insiders, and Analysts Management Guidance



Management guidance supports favorable interpretations of news items



and dampens surprises to investors' expectations. Management guidance may be a relevant omitted variable if these policies contribute to both the information content of prices and the activity of algorithmic traders.



Table VIII addresses this concern by supplementing the main regression



with indicators for management guidance. The management guidance indicator takes a value of 0 if no guidance is issued in the 61 calendar days preceding an announcement as registered by Thomson Reuters I/B/E/S. The indicator equals 1 if any guidance is issued in that period and 2 if that guidance includes earnings guidance. I add these indicators as well as interactions with the algorithmic trading proxies to account for possible dierential eects of algorithmic trading across pre-announcement disclosure regimes.



Consistent with information disclosure increasing



the information content of prices, both earnings and non-earnings guidance dummies are typically weakly associated with smaller price jump ratios. The interaction between guidance and algorithmic trading activity has no eect on the information content of prices, however.



Manager Signaling



The existence of eects on returns after stock splits is controversial, and



here there may be cause for concern about the lagged stock price instrument. Early papers in this literature, e.g., Fama, Fisher, Jensen, and Roll (1969), nd no abnormal returns after stock splits, but Grinblatt, Masulis, and Titman (1984) and others do. Byun and Roze (2003) demonstrate that returns after splits found by later papers are highly sensitive to the choice of sample period. Even allowing for abnormal returns after stock splits, it is not clear a priori whether the exclusion restriction for the instrument would be violated because shocks to the CARs in the price jump ratio may net out, even if CARs in the numerator or denominator are aected. The most direct way to investigate potential contamination of the instrument by share price
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Table VIII: Determinants of Announcement Price Impact and Management Guidance
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and quarterly earnings announcement
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(21)



from January 2012 through September 2016, the price jump ratio (jumpit
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Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns
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Avg. Trade Size (7)
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suppressed for display purposes.



Cancel-to-Trade Ratio



N



x=
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Trade-to-Order Ratio



(3)



x=



LM and Wald



y=



(2)



Odd Lot Ratio



(1)



x=



refers to the Kleibergen and Paap (2006)



MIDAS data are described in the main text. All standard errors are clustered by security and month and are reported in parentheses. K-P



by 13F ling institutions at the end of the preceding calendar quarter. Construction of algorithmic trading proxies (xit ) derived from SEC



analysts in I/B/E/S associated with each stock-quarter announcement. The institutional ownership ratio (IOR) is the fraction of shares held



time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the log of the largest number of reporting



Market capitalization, share price, and return volatility are logs of daily averages over



an announcement as registered by Thomson Reuters I/B/E/S, 1 if any guidance is issued, and 2 if that guidance includes earnings guidance.



in the main text) are dropped. The management guidance indicator takes a value of 0 if no guidance is issued in the 61 calendar days preceding



over the same interval. Observations with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described



CARit



(T −1,T +2)



is measured as the ratio of the announcement response divided by the total variation in the pre- and post-announcement period:



For each stock



xit × 1 (managerial_guidanceit = k) = ζ2 + η2 lpriceit + ϕ2 (lpriceit × advit ) + θ2 × controlsit + δ2it , k = 1, 2, 2 2   X X (21) \ jumpit = α + β x ˆit + γk × 1 (managerial_guidanceit = k) + δk xit × 1 (managerial _guidanceit = k) + ζ × controlsit + it .



xit = ζ1 + η1 lpriceit + ϕ1 (lpriceit × advit ) + θ1 × controlsit + δ1it ,



Table presents results from an IV regression of price jump ratios on a set of algorithmic trading proxies:



Table IX: Correlations with Lagged Log Price Instrument Table reports correlations of the lagged log stock price and algorithmic trading proxies for the full sample and for the regression sample, as well as correlations of these measures and lagged log stock price net of variation spanned by market capitalization and other control variables. Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. PCF1 denotes the rst principal component factor of the AT proxies.
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management through stock splits is to redo my analysis dropping stock splits from the sample. I use the CRSP event les to identify stock split events (distribution code 5523), and I drop all observations for which a split is declared or eective within three months of an earnings announcement. This lter removes 848 observations or 1.53% of the sample. Use of this broad window nets out both run-up eects and possible sluggish return responses to splits. Tables IX and X are net-of-splits versions of Tables III and IV of the main paper. The rststage link between log price instrument and endogenous AT proxies is not driven by splits: the correlations in Table IX and Table III agree to the second decimal place. Coecients in Table X are marginally smaller in absolute value than the corresponding coecients in Table IV, but no dierences can be distinguished statistically.



Taken together, there is little evidence that stock



price management distorts the incentives to acquire information in a way that would vitiate my instrument.



Insider Trading



Interacting AT with insider trading measures helps to distinguish between



harmful and benign causes for the reduction in information acquisition.



Reduced information



acquisition even may be desirable if algorithmic trading deters corporate insiders from proting on near-term news in their stocks.



5



5



Many companies impose blackout periods before earnings announcements that proscribe exactly such trading be-



havior by personnel with material information. However, to the extent that blackout periods are not observed42.4% of stock-quarters have SEC-registered insider activity in the 21 trading days pre-announcementchanges in insider trading in response to algorithmic trading may nonetheless partly account for my results.
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i



and quarterly earnings announcement



t



from January 2012 through September 2016, the rst-stage regression instruments



= α + βx ˆit + γ × controlsit + it .
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Trade-to-Order Ratio



(3)
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∗∗∗ 0.0478
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Odd Lot Ratio



∗∗∗ 0.0574



(1)



x=



a 10% maximal IV size corresponds to a critical value of



and month and are reported in parentheses. K-P refers to the Kleibergen and Paap (2006)



algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. All standard errors are clustered by security



ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter. Construction of



number of reporting analysts in the Thomson Reuters I/B/E/S database associated with each stock-quarter announcement. The institutional



is average of the time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the log of the largest



both stages. Market capitalization, share price, and return volatility are logs of daily averages over



with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described in the main text) are dropped from



Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns over the same interval. Observations



algorithmic trading measures using the log of the average end-of-day stock price from



T − 42 to T − 22. The second-stage regression for which (21) results are reported relates predicted algorithmic trading proxies to the price jump ratio (jumpit ). The price jump ratio is measured as the (T −1,T +2) (T −21,T +2) ratio of the announcement response divided by the total variation in the pre- and post-announcement period: CARit /CARit .



For each stock



jumpit



(21)



xit = ζ + ηlpriceit + θ × controlsit + δit ,



Table reports results from an instrumental variables regression of price jump ratios on a set of algorithmic trading proxies:



Table X: Determinants of Announcement Price Impact with Lagged Log Price Instruments
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Table XI: Determinants of Announcement Price Impact and Insider Trading



i and quarterly earnings announcement



t



(21)



from January 2012 through September 2016, the price jump ratio (jumpit
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algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. All standard errors are clustered by security



ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter. Construction of



number of reporting analysts in the Thomson Reuters I/B/E/S database associated with each stock-quarter announcement. The institutional



is average of the time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the log of the largest



announcement. Market capitalization, share price, and return volatility are logs of daily averages over



in the main text) are dropped. The number of insiders aggregates all SEC Form 3, 4, and 5 stock trades in the 21 days preceding the earnings



over the same interval. Observations with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described



CARit



(T −1,T +2)



is measured as the ratio of the announcement response divided by the total variation in the pre- and post-announcement period:



For each stock



xit × insider_proxiesit = ζ2 + η2 lpriceit + ϕ2 (lpriceit × advit ) + θ2 × controlsit + δ2it ,   (21) \ ˆit + γ × insider_proxiesit + δ xit × insider _proxiesit + ζ × controlsit + it . jumpit = α + β x



xit = ζ1 + η1 lpriceit + ϕ1 (lpriceit × advit ) + θ1 × controlsit + δ1it ,



Table presents results from an IV regression of price jump ratios on a set of algorithmic trading proxies:



Table XI suggests that algorithmic trading reduces the information content of prices primarily by dissuading outside information acquirers rather than rm insiders. Specically, I add controls for the presence of legal insider trading in the 21-day pre-announcement period, as recorded in



6



SEC Forms 3, 4, and 5,



which oer information on trades by corporate insiders both in counts



and volumes. The coecient on the algorithmic trading proxy is not aected much by this change. Intriguingly, the instrumented interaction term between the count of insiders and the AT proxies suggests that insider trading increases the information content of prices more in the presence of algorithmic traders.



This feature is consistent with AT order anticipation as in Yang and Zhu



(2016) and van Kervel and Menkveld (2016). AT front- or back-running of insider volume predicts that AT amplify the informational impact of insider trading, thereby reducing price jump ratios,



conditional on insiders choosing to trade Analyst Forecasts



(despite the prevalence of AT).



I also add controls for earnings surprises relative to analyst expectations.



Large past or concurrent deviations from analyst expectations represent potential opportunities for proting from fundamental information acquisition if other market participants focus on analyst forecasts. If the past or concurrent SUE drive both information acquisition and algorithmic trading activityfor example, through willingness of algorithmic traders to supply liquidity in a stockthe coecient estimate on algorithmic trading proxies in the price jump ratio regressions would suer from an omitted variable bias. Likewise, consistently large analyst forecast errors may induce other market participants to acquire information about or shy away from particular stocks. Table XII addresses these stories by including standardized unexpected earnings (SUE) with lags and lagged interactions (rst subtable) as well as with contemporaneous realizations and contemporaneous interactions (second subtable).



The inclusion of lagged or contemporaneous SUE



has minimal incremental eect on coecient estimates, and coecients on SUE, its lags, and interactions of SUE and AT proxies are not reliably dierent from zero. This potential omitted variable bias does not drive my results.



6



I cannot rule out illegal insider trading because systematic data on illegal insider events is hard to come by almost



by denition.
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i and quarterly earnings announcement



t



(21)



from January 2012 through September 2016, the price jump ratio (jumpit )



(T −21,T +2)



/CARit .



Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns



[T − 42, T − 22],



and the quoted spread is average of the time-weighted bid-ask spread over the same interval
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text. All standard errors are clustered by security and month and are reported in parentheses. K-P refers to the Kleibergen and Paap (2006)



of the preceding calendar quarter. Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main



each stock-quarter announcement. The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end



(reported in percent). The number of analysts is the log of the largest number of reporting analysts in the I/B/E/S database associated with



are logs of daily averages over



and the second subtable uses contemporaneous and one-quarter lagged absolute SUE. Market capitalization, share price, and return volatility



a rolling seasonal random walk model as in Livnat and Mendenhall (2006). The rst subtable uses one- and two-quarter lagged absolute SUE,



in the main text) are dropped. Standardized unexpected earnings (SUE) are computed using Compustat and Thomson Reuters I/B/E/S with



over the same interval. Observations with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described



CARit



(T −1,T +2)



is measured as the ratio of the announcement response divided by the total variation in the pre- and post-announcement period:



For each stock



xit × SU Eit = ζ2 + η2 lpriceit + ϕ2 (lpriceit × SU Eit ) + θ2 × controlsit + δ2it ,   (21) \ ˆit + γ × SU Eit + δ xit × SU Eit + ζ × controlsit + it . jumpit = α + β x



xit = ζ1 + η1 lpriceit + ϕ1 (lpriceit × SU Eit ) + θ1 × controlsit + δ1it ,



Table presents results from an IV regression of price jump ratios on a set of algorithmic trading proxies:



Table XII: Determinants of Announcement Price Impact and Standardized Unexpected Earnings
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SUEt



SUEt−1



p < .10,



∗∗



Wald



rk



K-P



∗



LM



rk



F



p < .05,



∗∗∗



p < .01



238.8



30.83



No



Stock FEs



K-P



No



(0.00345)



∗∗∗



jump_21



∗∗∗



∗∗∗ 0.0500



(0.00837) ∗∗∗ 0.132



(0.0243)



∗∗∗ 0.0463



(0.00817) ∗∗∗ 0.139



(0.0246)



∗∗∗



240.0



29.97



No



54.18



∗∗∗ 27.29



No



(0.00995)



(0.00930)



60.55



∗∗∗ 27.10



No



Yes



∗∗∗ -0.0516



∗∗∗ -0.0356



Yes



(0.0142)



(0.00471)



-0.0290



(0.368)



0.235



(1.280)



0.730



(0.465)



0.556



(1.597)



1.806



(0.0149)



-0.00930



No



jump_21 ∗∗∗ -0.0827



-0.0172



(0.00340)



0.00310



(0.374)



-0.0740



(1.306)



-0.338



(0.487)



-0.0220



(1.666)



-0.160



(0.0142)



∗∗∗ -0.0807



(4)



Trade-to-Order Ratio



(3)



x=



(0.0148)



(0.00467)



-0.0272



(0.181)



0.00135



(0.178)



(0.549) -0.0472



(0.541) 0.0168



-0.177



0.0329



-0.140 (0.204)



0.0497 (0.205)



(0.633)



(0.637)



Month FEs



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Market Cap.



x1 ×



SUEt−1



x1 ×



-0.508



(0.00967)



0.0896



(0.00942)



SUEt



jump_21 ∗∗∗ 0.0534



jump_21 ∗∗∗ 0.0596



x



(2)



(1)



y=



Odd Lot Ratio



x= jump_21



13.38



∗∗∗ 17.73



No



No



(0.00356)



∗∗∗ 0.0102



(0.683)



0.249



(2.134)



-0.806



(0.915)



0.275



(2.796)



-0.903



(0.0211)



∗∗∗ 0.0864



15.62



∗∗∗ 18.99



No



Yes



(0.0243)



∗∗∗ 0.143



(0.00834)



∗∗∗ 0.0503



(0.0124)



∗∗∗ -0.0557



(0.0146)



-0.00597



(0.00467)



∗∗∗ -0.0245



(0.628)



-0.340



(1.943)



0.987



(0.856)



-0.800



(2.625)



2.330



(0.0202)



∗∗∗ 0.101



jump_21



(6)



Cancel-to-Trade Ratio



(5)



x=



223.6



∗∗∗ 33.40



No



No



(0.00337)



0.0000733



(0.280)



0.0104



(1.398)



-0.0954



(0.342)



0.0718



(1.710)



-0.425



(0.0195)



∗∗∗ -0.124



269.2



∗∗∗ 33.90



No



Yes



(0.0247)



∗∗∗ 0.124



(0.00809)



∗∗∗ 0.0466



(0.00979)



∗∗∗ -0.0278



(0.0143)



-0.0167



(0.00461)



∗∗∗ -0.0266



(0.286)



0.106



(1.426)



-0.577



(0.344)



0.337



(1.724)



-1.774



(0.0206)



∗∗∗ -0.114



jump_21



(8)



Avg. Trade Size



jump_21



(7)



x=



Table XII: Determinants of Announcement Price Impact and Standardized Unexpected Earnings (Continued)



D. AT Responses to Correlated Information Flows Earnings announcements typically occur in clusters with several companies announcing within narrow intervals of time. Because rms may have correlated fundamentals, earnings announcements for Boeing may foreshadow announcement information for Airbus, and earnings announcements for IBM may serve as a bellwether for technology stocks more broadly. The clustering of earnings announcement events may contaminate the price jump ratio with cross-security informational spillovers. Cross-security news contributes to an omitted variable bias if algorithmic traders aect how discovered information ows across securities. Indeed, Chaboud, Chiquoine, Hjalmarsson, and Vega (2014) and Foucault, Kozhan, and Tham (2016), among others, nd evidence of high-frequency traders rapidly transmitting information across securities.



Such



activity potentially inuences observed price jump ratios through both its denominator and its numerator under the assumption that humans would not otherwise incorporate this information within the considered announcement window. The dominant eect of AT enhancement of cross-security information ows would be to increase the denominator of the price jump ratio relative to its numeratormore information appears to be acquired beforehandthereby inducing a negative association between the price jump ratio and algorithmic trading activity. By contrast, my results throughout indicate a robust positive relation between algorithmic trading and the price jump ratio. Hence an omitted variable bias associated with such cross-security news spillovers is likely to render my estimates conservative. Empirically, including week xed eects in regressions of price jump ratios on AT proxies nets out the inuence of timing within the earnings calendar at the cost of reducing the power to separate individual time eects. Replacing month xed eects with their weekly counterparts while retaining monthly clustering has negligible impact on my results, as Table XIII reports. For example, the coecient on odd lot ratios decreases from 0.0528 in the monthly xed eects specication to 0.0520 in the weekly xed eects specication, with the corresponding



t



-statistics remaining unchanged at



6.38. For these economic and statistical reasons, cross-security eects associated with the spacing of earnings announcements are highly unlikely to drive my results.
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29



i



and quarterly earnings announcement



t to



The second-stage regression for which



(T −1,T +2)



CARit



(T −21,T +2)



/CARit



.



[T − 42, T − 22],



and the quoted spread



(0.00753) ∗∗∗ 0.128



(0.0225)



(0.00764) ∗∗∗ 0.128



(0.0227)



p < .10,



∗∗



Wald



rk



K-P



∗



LM



rk



K-P



p < .05,



∗∗∗



p < .01



4645.7



∗∗∗ 41.82



∗∗∗ 41.92



4554.4



23814



No



Yes



23814



No



Stock FEs



N



No



Week FEs



0.0485



Yes



F



∗∗∗ 0.0471



∗∗∗



No



(0.00825)



(0.00787)



-0.0395



∗∗∗ -0.0414



(0.0127)



(0.0127) ∗∗∗



-0.0178



(0.00438)



-0.0202



(0.00443)



1189.7



∗∗∗ 41.14



23800



No



No



Yes



(0.0222)



∗∗∗ 0.123



(0.00789)



∗∗∗ 0.0534



(0.00792)



∗∗∗ -0.0560



(0.0124)



-0.0120



(0.00439)



∗∗∗ -0.0296



(0.0138)



(0.00824) ∗∗∗ -0.0276



(0.00841) ∗∗∗ -0.0281



∗∗∗ -0.0778



∗∗∗ 0.0500



∗∗∗ 0.0507



Month FEs



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Market Cap.



x



16.38.



1182.3



∗∗∗ 41.00



23800



No



Yes



No



(0.0221)



∗∗∗ 0.122



(0.00776)



∗∗∗ 0.0523



(0.00842)



∗∗∗ -0.0576



(0.0125)



-0.00935



(0.00433)



∗∗∗ -0.0291



(0.0136)



∗∗∗ -0.0777



(4)



Trade-to-Order Ratio



(3)



x=



(2)



Odd Lot Ratio



(1)



x=



a 10% maximal IV size corresponds to a critical value of



rk



LM and Wald



F



899.2



∗∗∗ 41.00



23842



No



No



Yes



(0.0218)



∗∗∗ 0.136



(0.00775)



∗∗∗ 0.0537



(0.00881)



∗∗∗ -0.0660



(0.0126)



-0.00644



(0.00435)



∗∗∗ -0.0254



(0.0158)



∗∗∗ 0.0874



892.5



∗∗∗ 40.89



23842



No



Yes



No



(0.0216)



∗∗∗ 0.135



(0.00767)



∗∗∗ 0.0525



(0.00909)



∗∗∗ -0.0676



(0.0127)



-0.00367



(0.00434)



∗∗∗ -0.0249



(0.0155)



∗∗∗ 0.0865



(6)



∗



2808.9



∗∗∗ 41.44



24201



No



No



Yes



(0.0227)



∗∗∗ 0.113



(0.00747)



∗∗∗ 0.0488



(0.00815)



∗∗∗ -0.0292



(0.0123)



-0.0209



(0.00430)



∗∗∗ -0.0272



(0.0175)



∗∗∗ -0.108



2891.1



∗∗∗ 41.33



24201



No



Yes



No



(0.0224)



∗∗∗ 0.113



(0.00736)



∗∗∗ 0.0476



(0.00856)



∗∗∗ -0.0309



(0.0124)



-0.0184



(0.00427)



∗∗∗ -0.0268



(0.0172)



∗∗∗ -0.108



(8)



Avg. Trade Size (7)



x=



statistics. In these specications,



Cancel-to-Trade Ratio



(5)



x=



and month and are reported in parentheses. K-P refers to the Kleibergen and Paap (2006)



algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. All standard errors are clustered by security



ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter. Construction of



number of reporting analysts in the Thomson Reuters I/B/E/S database associated with each stock-quarter announcement. The institutional



is average of the time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the log of the largest



both stages. Market capitalization, share price, and return volatility are logs of daily averages over



with cumulative net price impact not exceeding a minimum multiple of prior return volatility (described in the main text) are dropped from



Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns over the same interval. Observations



ratio of the announcement response divided by the total variation in the pre- and post-announcement period:



). The price jump ratio is measured as the



T − 22. (21)



results are reported relates predicted algorithmic trading proxies to the price jump ratio (jumpit



T − 42



from January 2012 through September 2016, the rst-stage regression instruments



= α + βx ˆit + γ × controlsit + it .



algorithmic trading measures using the log of the average end-of-day stock price from



For each stock



(21) jumpit



xit = ζ + ηlpriceit + θ × controlsit + δit ,



Table reports results from an instrumental variables regression of price jump ratios on a set of algorithmic trading proxies:



Table XIII: Determinants of Announcement Price Impact with Week Fixed Eects



E. AT Responses to Past Price Changes One possibility is that algorithmic trading advances the incorporation of earnings-related news into prices to before the interval begins.



The resulting residual information in high-AT stocks



may be harder to acquire or process, which in turn may manifest as a larger fraction of residual information being impounded in a jump with the help of the earnings announcement. Consequently, more algorithmic trading would cause a larger price jump ratio, as I observe, even though AT shifts rather than reduces information acquisition. To address this concern, I directly control for the cumulative abnormal return in the previous month



(T −42,T −22)



CARit



. Adding another month strikes a balance between picking up information



that may enter even earlier while not being (too) contaminated by continued processing of the previous earnings announcement or follow-on analysis. I also control for the cumulative abnormal return relative to the announcement period cumulative abnormal return



(T −42,T −22)



CARit



(T −21,T +2)



/CARit



.



By dividing by the pre-announcement cumulative abnormal return, I can assess whether AT is correlated with information entering prices long before the announcement, and whether this channel may bias my results.



7



In the interest of comprehensively addressing this concern, I run this



analysis with both cumulative abnormal returns and absolute cumulative abnormal returns, and I also include interactions with the AT proxies and instrument accordingly. The rst table adds (signed) cumulative abnormal returns and ratios of cumulative abnormal returns to the main IV regression, and the second table adds the absolute values of these variables.



Because we are interested in whether AT incorporate information before the 21-day



pre-announcement window starts, I interact the AT proxies with the CAR measures. In adding an interaction of an endogenous variable with lagged returns, I need a new instrument: this instrument is the interaction of lagged log stock prices with the CAR measure. I lag the log stock prices by another 21 days in both instruments to eliminate the mechanical relation between lagged CAR and prices. Tables XIV and XV report the results of these augmented regressions. First and foremost, the



7



I also conducted this analysis dividing by



(T −42,T +2)



CARit



variable, which in turn drives coecients to zero.



30



. However, doing so on occasion divides by a near-zero
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i



and quarterly earnings announcement



t to



T − 43.



The second-stage regression for which results are reported



[T − 42, T − 22],



and the quoted spread is average of the time-weighted bid-ask spread over the same interval



CAR(T −42,T −22) CAR(T −21,T +2)



No No 23814 41.91∗∗∗ 2129.2



-0.0276∗∗∗ (0.00445) -0.0174 (0.0124) -0.0393∗∗∗ (0.00788) 0.0480∗∗∗ (0.00767) 0.129∗∗∗ (0.0225) 0.572∗∗∗ (0.132)



(1) 0.0521∗∗∗ (0.00830) 0.183∗∗∗ (0.0369)



K-P rk LM K-P rk Wald F ∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01



N



Month FEs Stock FEs



CAR(T −42,T −22) CAR(T −21,T +2)



CAR(T −42,T −22)



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Market Cap.



x×



x × CAR(T −42,T −22)



x



16.38.



-0.0491 (0.0339) Yes No 23814 38.71∗∗∗ 618.0



-0.00660 (0.0129) -0.0284∗∗∗ (0.00443) -0.0203 (0.0125) -0.0401∗∗∗ (0.00783) 0.0488∗∗∗ (0.00769) 0.129∗∗∗ (0.0225)



(2) 0.0492∗∗∗ (0.00854)



x = Odd Lot Ratio



size corresponds to a critical value of



No No 23800 33.87∗∗∗ 190.9



-0.0293∗∗∗ (0.00441) -0.0106 (0.0123) -0.0559∗∗∗ (0.00790) 0.0530∗∗∗ (0.00785) 0.123∗∗∗ (0.0221) -1.110∗∗∗ (0.336)



(3) -0.0791∗∗∗ (0.0136) -0.336∗∗∗ (0.104)



0.00101 (0.0936) Yes No 23800 37.58∗∗∗ 198.9



0.00886 (0.0249) -0.0298∗∗∗ (0.00439) -0.0124 (0.0124) -0.0558∗∗∗ (0.00791) 0.0535∗∗∗ (0.00798) 0.123∗∗∗ (0.0219)



(4) -0.0752∗∗∗ (0.0142)



rk



No No 23842 31.37∗∗∗ 63.86



-0.0251∗∗∗ (0.00443) -0.00570 (0.0127) -0.0655∗∗∗ (0.00888) 0.0534∗∗∗ (0.00768) 0.136∗∗∗ (0.0216) -2.099∗∗∗ (0.519)



(5) 0.0899∗∗∗ (0.0157) 0.695∗∗∗ (0.177)



F



0.0562 (0.137) Yes No 23842 31.40∗∗∗ 71.03



-0.0268 (0.0418) -0.0257∗∗∗ (0.00436) -0.00669 (0.0125) -0.0658∗∗∗ (0.00886) 0.0541∗∗∗ (0.00786) 0.135∗∗∗ (0.0214)



(6) 0.0863∗∗∗ (0.0164)



No No 24201 41.44∗∗∗ 1372.6



-0.0268∗∗∗ (0.00432) -0.0188 (0.0121) -0.0291∗∗∗ (0.00826) 0.0485∗∗∗ (0.00746) 0.113∗∗∗ (0.0225) 1.454∗∗∗ (0.344)



(7) -0.111∗∗∗ (0.0173) -0.286∗∗∗ (0.0652)



-0.0996 (0.109) Yes No 24201 37.79∗∗∗ 564.3



0.0142 (0.0231) -0.0274∗∗∗ (0.00430) -0.0210∗ (0.0122) -0.0299∗∗∗ (0.00811) 0.0490∗∗∗ (0.00752) 0.114∗∗∗ (0.0225)



(8) -0.105∗∗∗ (0.0179)



x = Avg. Trade Size



statistics. In these specications, a 10% maximal IV



x = Cancel-to-Trade Ratio



LM and Wald



x = Trade-to-Order Ratio



and are reported in parentheses. K-P refers to the Kleibergen and Paap (2006)



with each stock-quarter announcement. The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the (T −42,T −22) (T −42,T −22) (T −21,T +2) preceding calendar quarter. In even-numbered specications, CARit is replaced by the ratio CARit /CARit . Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. All standard errors are clustered by security and month



(reported in percent). The number of analysts is the log of the largest number of reporting analysts in the Thomson Reuters I/B/E/S database associated



volatility are logs of daily averages over



minimum multiple of prior return volatility (described in the main text) are dropped from both stages. Market capitalization, share price, and return



The price jump ratio is measured as the ratio of the announcement (T −1,T +2) (T −21,T +2) response divided by the total variation in the pre- and post-announcement period: CARit /CARit . Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns over the same interval. Observations with cumulative net price impact not exceeding a



(21) relates predicted algorithmic trading proxies to the price jump ratio (jumpit ).



T − 63



from January 2012 through September 2016, the rst-stage regression instruments algorithmic



\ (T −42,T −22) + ζ × controlsit + it . = α + βx ˆit + γ xit × CARit



trading measures using the log of the average end-of-day stock price from



For each stock



jumpit



(21)



  (T −42,T −22) + θ1 × controlsit + δ1it , xit = ζ1 + η1 lpriceit + ϕ1 lpriceit × CARit   (T −42,T −22) (T −42,T −22) xit × CARit = ζ2 + η2 lpriceit + ϕ2 lpriceit × CARit + θ2 × controlsit + δ2it ,



Table reports results from an instrumental variables regression of price jump ratios on a set of algorithmic trading proxies:



Table XIV: Determinants of Announcement Price Impact with Lagged Log Price Instruments and Lagged CAR
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i



and quarterly earnings announcement



t to



T − 43.



The second-stage regression for which results are reported



[T − 42, T − 22],



and the quoted spread is average of the time-weighted bid-ask spread over the same interval



ACAR(T −42,T −22) ACAR(T −21,T +2)



No No 23814 41.96∗∗∗ 2168.1



-0.0283∗∗∗ (0.00444) -0.0122 (0.0128) -0.0402∗∗∗ (0.00792) 0.0482∗∗∗ (0.00766) 0.127∗∗∗ (0.0226) -0.105 (0.195)



(1) 0.0486∗∗∗ (0.00942) 0.00912 (0.0590)



K-P rk LM K-P rk Wald F ∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01



N



Month FEs Stock FEs



ACAR(T −42,T −22) ACAR(T −21,T +2)



ACAR(T −42,T −22)



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Market Cap.



x×



x × ACAR(T −42,T −22)



x



16.38.



0.0212 (0.0561) Yes No 23814 38.23∗∗∗ 599.8



0.0108 (0.0218) -0.0280∗∗∗ (0.00444) -0.0203 (0.0126) -0.0401∗∗∗ (0.00781) 0.0482∗∗∗ (0.00770) 0.129∗∗∗ (0.0226)



(2) 0.0448∗∗∗ (0.0127)



x = Odd Lot Ratio



size corresponds to a critical value of



No No 23800 31.78∗∗∗ 166.9



-0.0296∗∗∗ (0.00439) -0.00700 (0.0124) -0.0561∗∗∗ (0.00795) 0.0530∗∗∗ (0.00790) 0.122∗∗∗ (0.0223) -0.156 (0.570)



(3) -0.0744∗∗∗ (0.0159) -0.0191 (0.170)



-0.0456 (0.142) Yes No 23800 36.88∗∗∗ 188.8



-0.0109 (0.0387) -0.0294∗∗∗ (0.00439) -0.0124 (0.0124) -0.0559∗∗∗ (0.00794) 0.0530∗∗∗ (0.00796) 0.124∗∗∗ (0.0221)



No No 23842 27.80∗∗∗ 47.72



-0.0160 (0.221) Yes No 23842 30.12∗∗∗ 60.77



0.00380 (0.0685) -0.0253∗∗∗ (0.00436) -0.00672 (0.0126) -0.0659∗∗∗ (0.00899) 0.0535∗∗∗ (0.00784) 0.136∗∗∗ (0.0217)



(6) 0.0847∗∗ (0.0361)



No No 24201 41.39∗∗∗ 1320.9



-0.0273∗∗∗ (0.00431) -0.0129 (0.0124) -0.0301∗∗∗ (0.00827) 0.0486∗∗∗ (0.00749) 0.112∗∗∗ (0.0226) -0.173 (0.519)



(7) -0.106∗∗∗ (0.0193) 0.00901 (0.100)



0.0511 (0.179) Yes No 24201 36.93∗∗∗ 532.6



-0.0121 (0.0375) -0.0271∗∗∗ (0.00432) -0.0210∗ (0.0122) -0.0299∗∗∗ (0.00806) 0.0485∗∗∗ (0.00752) 0.114∗∗∗ (0.0226)



(8) -0.101∗∗∗ (0.0237)



x = Avg. Trade Size



statistics. In these specications, a 10% maximal IV



-0.0254∗∗∗ (0.00440) -0.00211 (0.0126) -0.0652∗∗∗ (0.00895) 0.0535∗∗∗ (0.00777) 0.136∗∗∗ (0.0218) 0.228 (0.839)



(5) 0.0922∗∗∗ (0.0232) -0.0993 (0.280)



F



x = Cancel-to-Trade Ratio



LM and Wald



(4) -0.0710∗∗∗ (0.0228)



rk



x = Trade-to-Order Ratio



and are reported in parentheses. K-P refers to the Kleibergen and Paap (2006)



with each stock-quarter announcement. The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the (T −42,T −22) (T −42,T −22) (T −21,T +2) preceding calendar quarter. In even-numbered specications, CARit is replaced by the ratio ACARit /ACARit . Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. All standard errors are clustered by security and month



(reported in percent). The number of analysts is the log of the largest number of reporting analysts in the Thomson Reuters I/B/E/S database associated



volatility are logs of daily averages over



minimum multiple of prior return volatility (described in the main text) are dropped from both stages. Market capitalization, share price, and return



The price jump ratio is measured as the ratio of the announcement (T −1,T +2) (T −21,T +2) response divided by the total variation in the pre- and post-announcement period: CARit /CARit . Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns over the same interval. Observations with cumulative net price impact not exceeding a



(21) relates predicted algorithmic trading proxies to the price jump ratio (jumpit ).



T − 63



from January 2012 through September 2016, the rst-stage regression instruments algorithmic



\ (T −42,T −22) + ζ × controlsit + it . = α + βx ˆit + γ xit × ACARit



trading measures using the log of the average end-of-day stock price from



For each stock



jumpit



(21)



  (T −42,T −22) + θ1 × controlsit + δ1it , xit = ζ1 + η1 lpriceit + ϕ1 lpriceit × ACARit   (T −42,T −22) (T −42,T −22) xit × CARit = ζ2 + η2 lpriceit + ϕ2 lpriceit × ACARit + θ2 × controlsit + δ2it ,



Table reports results from an instrumental variables regression of price jump ratios on a set of algorithmic trading proxies:



Table XV: Determinants of Announcement Price Impact with Lagged Log Price Instruments and Lagged ACAR



coecients on the AT proxies change only slightly relative to the baseline results in Table V of the main text. Coecients in Table XIV are slightly larger in absolute value in the odd-numbered regressions (raw CAR) and slightly smaller in absolute value in the even-numbered regressions (CAR ratio). Coecients in Table XV are typically slightly attenuated throughout. In short, my ndings do not appear to be driven by lagged price movements or pre-window incorporation of information into prices. However, this statement is not the end of the story: there appears to be an asymmetric response to past negative and positive returns.



None



of the new variables in the ACAR table are economically



or statistically meaningful, whereas lagged CAR in Table XIV appears to have a consistent eect on the price jump ratio. In particular, past positive returns lead to larger price jump ratios when there is more AT in the market, or conversely, past negative returns lead to larger jumps when there is less AT in the market. In comparing the scale of the interaction term and the main coecient, the interaction term coecient should be divided by about 21, or the inverse of the median absolute lagged CAR. The resulting typical interaction eect is 1/3 to 1/10 as large as the baseline AT eect.



Past CAR alone ips signs for dierent AT proxies, suggesting that it serves mainly to



recenter the interaction terms. Two interpretations of this nding are the following. When AT are absent from the market and rms suer a negative shock, the market takes a long time to reactmarkets respond slowly to bad news with only human traders, as would be predicted by the disposition eect, for example (Frazzini (2006)). Alternatively, rms with bad shocks in the past guard information more carefully and disclose less in the pre-announcement period (e.g., Kothari, Shu, and Wysocki (2009) and Roychowdhury and Sletten (2012)).



8



Notwithstanding eorts to disclose less in response to a



negative shock (and negative past CAR), the interaction term implies that more AT tamp down the price jump ratio and prices are more ecient with respect to acquirable information. Both stories present a more nuanced picture of my main nding. While AT discourage information acquisition on net, they also appear to counteract behavioral anomalies or reduced disclosure. This result is in line with Chakrabarty, Moulton, and Wang (2017), who nd that HFT iron out ineciencies



8



I thank Luo Zho and Gideon Saar at Cornell for pointing me in this direction.
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stemming from low investor attention, and it suggests another complementarity between our work. It also suggests an interesting future research direction exploring the interaction between trading technology and selective or strategic disclosure.



F. AT Responses to Other News Events The price jump ratio is motivated by models in which some traders learn news early and push prices toward their post-disclosure values.



Other drivers of price changes can contaminate the



measure by adding disturbances to the numerator (the jump size), the denominator (the total price change), or both.



To address this issue, (1) the main analysis nets out common factors across



stocks and (2) robustness tests conrm that these ndings are not due to non-random variation in the importance of earnings announcements relative to idiosyncratic price uctuations. Other news events in the pre-announcement window may also contaminate the price jump ratio, and for a similar reason. Public news releases correlate with both the price jump ratio and algorithmic trading activity, so the coecient on algorithmic trading may be biased in the price jump ratio regressions. This concern manifests particularly strongly in the OLS regressions of the price jump ratio on the AT proxies (Table II). In the instrumental variable analyses, public news releases must be correlated with the lagged log stock price conditional on controls such as market capitalization, analyst coverage, institutional ownership, and the like, and this relation is harder to rationalize. I directly control for potential bias by pre-announcement news events using RavenPack News Analytics data for January 2012 through March 2016. I classify retained events at the category level into three groups:



soft information events, hard information events, and excluded events.



This decomposition between hard and soft information is motivated by recent work by Zhang (2013) and Jovanovic and Menkveld (2015) suggesting that algorithmic agents respond dierently to hard and soft information events. Zhang (2013) argues that high-frequency traders dominate in processing readily quantied news (hard information) to update valuations and exploit short-lived informational advantages, and Jovanovic and Menkveld (2015) suggest that algorithmic market makers specialize in quickly updating quotes in response to hard information events and thereby
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managing short-lived adverse selection.



By contrast, human traders may have an advantage in



contextualizing and interpreting dicult-to-quantify soft information. By splitting hard and soft news counts, I allow the regression to accommodate dierent eects of each type of information. Table XVI reports classications for all RavenPack categories exceeding 0.1% of the event sample, as well as their prevalence and representative headlines. I follow Petersen (2004) in characterizing soft information events as news that is dicult to summarize completely by a single number and hard information events as news relatively easy to summarize by a single value. Excluded events reect market activity without conveying new information about fundamentals, such as reporting of order imbalances or large price moves. Finally, for each stock and quarter in the combined sample, I construct hard information and soft information item counts over the 30 calendar days roughly equivalent to 21 trading days, but some articles come out on weekendspreceding each quarterly earnings announcement. I also construct indicators for whether at least one hard or soft news event occurs in the pre-announcement period. Table XVII presents the IV regression results augmented by hard and soft information counts and indicators. Relative to the IV regressions without RavenPack controls, coecients on the AT proxies attenuate by roughly 10%. Most important for the purposes of this paper, AT's eect on information acquisition is robust to controls for the prevalence of information. However, an interesting direction for future work would be to use the price jump ratio measure jointly with volume information (absent from this study) to investigate the complementarity or substitution between algorithmic news processing and information acquisition.



Both hard and



soft information events are associated with larger price jump ratios, perhaps because more public information events in the pre-period change the content or interpretation of public disclosures, e.g., through interactions between pre-announcement and event-period information (as in Kim and Verrecchia (1997)), or because the public RavenPack signal crowds out private information acquisition (as in Morris and Shin (2005), Amador and Weill (2010), and others). In addition, it seems like hard information events are more strongly related to larger price jump ratios than are soft information events. Whether this dierence speaks to dierent importance of hard and soft information for moving prices or dierent crowding-out motives should be studied further.
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Table XVI: RavenPack Soft and Hard Information Items Table classies RavenPack company news categories into soft and hard information items. Following Petersen (2004), soft information items represent news that are dicult to summarize completely by a single number. Hard information items represent news items that can be succinctly summarized. Excluded items include stock trading news, announcements of future information revelation dates, and all other event types consisting of less than 0.1% of company news records. Event types list all news categories classied as soft information, hard information, or excluded items. Classication



Soft Information



Event Types



Representative Headlines



Assets (27818), labor issues



Nike To Build New China Headquarters



(71781), legal (17863), marketing



Wal-Mart buys iPhone app agency to improve mobile



(33873), mergers and acquisitions



commerce;



(47275), partnerships (24218), products and services (124609), and regulatory (6541)



Hard Information



Tesla plans to unveil electric Model X SUV in February; Feds investigate Ford accelerator complaints



Credit (9691), dividends (29536),



P&G Declares Quarterly Dividend;



earnings (292437), equity actions



Pres Phipps Surrenders 5,933 Of United Stationers



(41528), revenues (97922), insider



Inc;



trading (351228), price target (10901), analyst ratings (62717), and credit ratings (17196)



Excluded



Prediction #1: A new CEO for Apple;



Citigroup raises Coca Cola price target to $81; Moody's: Macy's Outlook Stable; Southwest Airlines 2011 CapEx $968M



Investor relations (76966), order



Yahoo shares fall 2.4% in preopen trade;



imbalances (83034), stock price



Cal-Maine Foods Inc ST above its upper Bollinger



movements, and technical analysis



band;



signals (481415)



Brady Corporation Announces Earnings Conference Call
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i



and quarterly earnings announcement



t to



T − 22.



The second-stage regression for which results are reported



[T − 42, T − 22],



and the quoted spread is average of the time-weighted bid-ask spread over the same interval



F



Yes No 24107 42.67 ∗∗∗ 4226.2



(1) 0.0507∗∗∗ (0.00841) -0.0281∗∗∗ (0.00443) -0.0202 (0.0127) -0.0395∗∗∗ (0.00787) 0.0485∗∗∗ (0.00764) 0.128∗∗∗ (0.0227)



Yes No 20422 37.48∗∗∗ 3770.8



(2) 0.0473∗∗∗ (0.00929) -0.0375∗∗∗ (0.00510) -0.0168 (0.0143) -0.0397∗∗∗ (0.00899) 0.0437∗∗∗ (0.00830) 0.135∗∗∗ (0.0244) 0.00439∗∗∗ (0.000726) 0.00250∗∗∗ (0.000797)



x = Odd Lot Ratio



0.0357∗∗∗ (0.00794) 0.0255∗∗∗ (0.00820) Yes No 21606 38.02∗∗∗ 4284.1



(3) 0.0449∗∗∗ (0.00848) -0.0282∗∗∗ (0.00463) -0.0181 (0.0135) -0.0355∗∗∗ (0.00836) 0.0434∗∗∗ (0.00810) 0.126∗∗∗ (0.0231)



Yes No 24068 42.03∗∗∗ 1493.9



(4) -0.0778∗∗∗ (0.0138) -0.0296∗∗∗ (0.00439) -0.0120 (0.0124) -0.0560∗∗∗ (0.00792) 0.0534∗∗∗ (0.00789) 0.123∗∗∗ (0.0222)



statistics. In these specications, a 10% maximal IV size corresponds to a critical value of



K-P rk LM K-P rk Wald F ∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01



N



Month FEs Stock FEs



1



(Soft30 >0)



1



(Hard30 >0)



Soft30



Hard30



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Market Cap.



x



LM and Wald



(5) -0.0709∗∗∗ (0.0149) -0.0390∗∗∗ (0.00502) -0.00864 (0.0140) -0.0547∗∗∗ (0.00877) 0.0484∗∗∗ (0.00854) 0.127∗∗∗ (0.0236) 0.00439∗∗∗ (0.000707) 0.00245∗∗∗ (0.000725)



No No 20412 36.93∗∗∗ 1049.4



x = Trade-to-Order Ratio



16.38.



rk



0.0357∗∗∗ (0.00809) 0.0293∗∗∗ (0.00853) Yes No 21578 37.09∗∗∗ 1141.8



(6) -0.0684∗∗∗ (0.0141) -0.0300∗∗∗ (0.00460) -0.0105 (0.0133) -0.0491∗∗∗ (0.00806) 0.0477∗∗∗ (0.00834) 0.119∗∗∗ (0.0225)



the main text. All standard errors are clustered by security and month and are reported in parentheses. K-P refers to the Kleibergen and Paap (2006)



these counts are positive, and they are zero otherwise. Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in



earnings announcement. Hard and soft information indicators replace continuous versions in even-numbered specications, and these indicators equal 1 if



preceding calendar quarter. Hard30 and Soft30 are the number of RavenPack hard or soft information item counts in the 30 calendar days preceding the



with each stock-quarter announcement. The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the



(reported in percent). The number of analysts is the log of the largest number of reporting analysts in the Thomson Reuters I/B/E/S database associated



volatility are logs of daily averages over



minimum multiple of prior return volatility (described in the main text) are dropped from both stages. Market capitalization, share price, and return



The price jump ratio is measured as the ratio of the announcement (T −21,T +2) (T −1,T +2) . Cumulative abnormal returns (in logs) /CARit response divided by the total variation in the pre- and post-announcement period: CARit are net of Fama and French (1992) three-factor implied returns over the same interval. Observations with cumulative net price impact not exceeding a



(21) relates predicted algorithmic trading proxies to the price jump ratio (jumpit ).



T − 42



from January 2012 through September 2016, the rst-stage regression instruments algorithmic



= α + βx ˆit + γhard30 + δsof t30 + ζ × controlsit + it .



trading measures using the log of the average end-of-day stock price from



For each stock



(21) jumpit



xit = ζ + ηlpriceit + θ × controlsit + δit ,



Table reports results from an instrumental variables regression of price jump ratios on a set of algorithmic trading proxies:



Table XVII: Determinants of Announcement Price Impact with Lagged Log Price Instruments and RavenPack News Event Counts
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K-P rk LM K-P rk Wald F ∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01



N



Month FEs Stock FEs



1



(Soft30 >0)



1



(Hard30 >0)



Soft30



Hard30



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Market Cap.



x



(Continued)



Yes No 24120 41.44∗∗∗ 1001.3



(7) 0.0874∗∗∗ (0.0158) -0.0254∗∗∗ (0.00435) -0.00644 (0.0126) -0.0660∗∗∗ (0.00881) 0.0537∗∗∗ (0.00775) 0.136∗∗∗ (0.0218)



Yes No 20452 36.85∗∗∗ 730.6



(8) 0.0814∗∗∗ (0.0174) -0.0345∗∗∗ (0.00491) -0.00237 (0.0142) -0.0639∗∗∗ (0.00969) 0.0491∗∗∗ (0.00853) 0.138∗∗∗ (0.0230) 0.00427∗∗∗ (0.000706) 0.00237∗∗∗ (0.000689)



x = Cancel-to-Trade Ratio



0.0368∗∗∗ (0.00833) 0.0284∗∗∗ (0.00838) Yes No 21615 37.08∗∗∗ 817.4



(9) 0.0780∗∗∗ (0.0165) -0.0259∗∗∗ (0.00455) -0.00478 (0.0136) -0.0577∗∗∗ (0.00881) 0.0484∗∗∗ (0.00827) 0.131∗∗∗ (0.0221)



Yes No 24512 42.12∗∗∗ 2765.0



(10) -0.108∗∗∗ (0.0175) -0.0272∗∗∗ (0.00430) -0.0209∗ (0.0123) -0.0292∗∗∗ (0.00815) 0.0488∗∗∗ (0.00747) 0.113∗∗∗ (0.0227)



No No 20715 36.91∗∗∗ 2295.0



(11) -0.102∗∗∗ (0.0197) -0.0368∗∗∗ (0.00497) -0.0174 (0.0139) -0.0293∗∗∗ (0.00907) 0.0445∗∗∗ (0.00818) 0.120∗∗∗ (0.0246) 0.00435∗∗∗ (0.000704) 0.00258∗∗∗ (0.000770)



x = Avg. Trade Size



0.0355∗∗∗ (0.00787) 0.0265∗∗∗ (0.00850) Yes No 21951 37.58∗∗∗ 2545.1



(12) -0.0977∗∗∗ (0.0181) -0.0277∗∗∗ (0.00453) -0.0191 (0.0131) -0.0256∗∗∗ (0.00863) 0.0440∗∗∗ (0.00795) 0.110∗∗∗ (0.0231)



Table XVII: Determinants of Announcement Price Impact with Lagged Log Price Instruments and RavenPack News Event Counts



III. Weighted Least Squares and Median Regression Alternatives to Truncation



If returns are lognormally distributed, the price jump ratio represents a realization of a Cauchy distributed random variable for a given stock and quarter.



Estimation of a conditional mean



function by linear regression requires such a dependent variable to be handled with additional care because the rst and higher moments are undened. The main text addresses this issue by bounding the price jump ratio denominator away from zero, thereby truncating the tails and reestablishing dened moments. This section establishes the robustness of my results to two alternative approaches. The mean of this truncated random variable equals the mean of a non-truncated price jump ratio if a symmetric weighting function suciently downweights price jump ratio realizations with small denominators. Likewise, the truncated price jump ratio's mean equals the median of the non-truncated price jump ratio. These facts motivate weighted-least squares and median regression approaches to estimating a relation between algorithmic trading and information acquisition. In particular, I start by estimating a weighted instrumental variables specication of



xit = ζ + ηlpriceit + θ × controlsit + δit , (21)



jumpit



with weights equal to



= α + βx ˆit + γ × controlsit + it .



(T −21,T +2) σit . CARit /ˆ



(10)



These weights are zero for denominators of zero, and



they increase in total announcement price impact, namely, larger weights are applied to more important earnings announcements. Table XVIII reports results from these regressions.



No AT coecient is meaningfully dier-



ent from its corresponding truncation-estimated coecient.



The choice between truncation or



downweighting is immaterial for addressing the undened rst moment of the price jump ratio as inference is eectively unchanged. An alternative to truncation or observation weighting is to abandon least squares in favor of quantile regression techniques. Because the conditional median of a Cauchy random variable exists (unlike its moments), median regression oers a disciplined alternative to exible truncation or
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40



i



and quarterly earnings announcement



t to



The second-stage regression for which



(T −1,T +2)



CARit



(T −21,T +2)



/CARit



.



(T −21,T +2) /ˆ σit . CARit



Market capitalization, share price, and return volatility are logs of daily averages over



[T − 42, T − 22],



∗∗



Wald



rk



p < .10,



K-P



∗



LM



rk



K-P



F



p < .05,



∗∗∗



∗∗∗



p < .01



4466.2



42.33



53796



No



N



No



Stock FEs



(0.00783)



0.000998



(0.00750) ∗∗∗ 0.134



(0.0189)



(0.00709) ∗∗∗ 0.142



(0.0192)



4969.5



∗∗∗ 41.77



53113



No



Yes



1427.3



∗∗∗ 41.89



53844



No



No



1148.3



∗∗∗ 41.16



53220



No



Yes



X



∗∗∗ 0.0508



∗∗∗ 0.0455



(0.00806)



(0.00715)



(0.00676)



X



∗∗∗ -0.0565



∗∗∗ -0.0376



0.00505



(0.0130)



(0.00473)



(0.0133)



(0.00325)



∗∗∗ -0.0277



(0.0145)



∗∗∗ -0.0851



(4)



-0.00703



(0.00474)



(0.00331)



∗∗∗ 0.00954



(0.0127)



∗∗∗ -0.0994



(3)



Trade-to-Order Ratio



-0.0157



(0.00848) ∗∗∗ -0.0259



0.00609



∗



∗∗∗ 0.0528



∗∗∗ 0.0631



(0.00724)



(2)



Odd Lot Ratio (1)



Month FEs



Constant



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Market Cap.



x



x=



In these specications, a 10% maximal IV size corresponds to a critical value of



1096.3



∗∗∗ 41.51



53844



No



No



(0.00844)



0.00346



(0.00342)



∗∗∗ 0.0179



(0.0145)



∗∗∗ 0.111



(5)



950.8



∗∗∗ 41.21



53217



No



Yes



X



(0.0186)



∗∗∗ 0.149



(0.00746)



∗∗∗ 0.0513



(0.00808)



∗∗∗ -0.0674



(0.0135)



-0.000139



(0.00467)



∗∗∗ -0.0229



(0.0164)



∗∗∗ 0.0955



(6)



Cancel-to-Trade Ratio



16.38.



clustered by security and month and are reported in parentheses. K-P refers to the Kleibergen and Paap (2006)



rk



statistics.



2930.1



∗∗∗ 42.12



54879



No



No



(0.00775)



-3.00e-09



(0.00329)



0.00441



(0.0149)



∗∗∗ -0.130



(7)



∗∗∗



3052.6



∗∗∗ 41.61



54156



No



Yes



X



(0.0197)



∗∗∗ 0.126



(0.00700)



∗∗∗ 0.0451



(0.00679)



∗∗∗ -0.0276



(0.0130)



-0.0167



(0.00469)



-0.0247



(0.0181)



∗∗∗ -0.114



(8)



Avg. Trade Size



F



All standard errors are LM and Wald



Construction of algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text.



The institutional ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter.



log of the largest number of reporting analysts in the Thomson Reuters I/B/E/S database associated with each stock-quarter announcement.



and the quoted spread is average of the time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the



cision weights of



Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns over the same interval. Table uses pre-



ratio of the announcement response divided by the total variation in the pre- and post-announcement period:



). The price jump ratio is measured as the



T − 22. (21)



results are reported relates predicted algorithmic trading proxies to the price jump ratio (jumpit



T − 42



from January 2012 through September 2016, the rst-stage regression instruments



= α + βx ˆit + γ × controlsit + it .



algorithmic trading measures using the log of the average end-of-day stock price from



For each stock



(21) jumpit



xit = ζ + ηlpriceit + θ × controlsit + δit ,



Table presents results from an IV regression of price jump ratios on a set of algorithmic trading proxies:



Table XVIII: Weighted Determinants of Announcement Price Impact



weighting schemes.
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Table XIX reports results of IV median regressions of price jump ratios on AT proxies.



Inter-



preting the coecient in the upper-left corner of Tables XIX, a one unit increase in the log odd



conditional median conditional average



lot ratio increases the the



price jump ratio by 0.0662, compared to an increase in



of 0.0605 in the truncated sample. All conditional median relationships are



of similar economic magnitude to the mean relationships previously reported, and all algorithmic trading proxies have coecients dierent from zero at the 1% signicance level.



In short, both



mean and median regression specications indicate robust empirical support for a negative eect of algorithmic trading on information acquisition.



9



One downside to median regression is the absence of two-way clustering techniques for panel data; for this



reason, I cluster only on the security dimension because persistent rm characteristics such as disclosure policies are a compelling origin for potentially correlated errors. Also, to the best of my knowledge, analogues to the Kleibergen and Paap (2006) instrument identication and validity statistics have not been developed for IV quantile regression.
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42



i and quarterly earnings announcement



t



(21)



from January 2012 through September 2016, the price jump ratio (jumpit



= α + βx ˆit + γ × controlsit + it . )



(T −21,T +2)



/CARit



and the quoted spread



∗∗∗



∗



p < .05,



53796



N



∗∗



No



Stock FEs



p < .10,



No



p < .01



(0.05925)



0.3082



∗∗∗



(0.00338)



(0.00239)



(0.01901)



(0.01939)



53113



No



Yes



53844



No



No



53220



No



Yes



X



∗∗∗ 0.1687



∗∗∗ 0.1747



(0.05576)



(0.00660)



(0.00573)



X



(0.00551) ∗∗∗ 0.0625



(0.00630) ∗∗∗ 0.0559



(0.00896) ∗∗∗ -0.0523



53844



No



No



(0.06349)



53217



No



Yes



X



(0.01855)



∗∗∗ 0.1815



(0.00632)



∗∗∗ 0.0619



(0.00647)



∗∗∗ -0.0659



(0.00920)



(0.00326)



∗∗∗ -0.0243



(0.01344)



∗∗∗ 0.0981



-0.0031



∗∗∗ -0.5071



(0.00215)



∗∗∗ 0.0263



(0.01097)



∗∗∗ 0.1164



(6)



Cancel-to-Trade Ratio



(5)



x=



-0.0092



(0.00390)



∗∗∗ -0.0289



(0.01142)



∗∗∗ -0.0856



(0.00746)



∗∗∗ -0.3417



(0.00225)



∗∗∗ 0.0182



(0.00987)



∗∗∗ -0.1058



(4)



Trade-to-Order Ratio



(3)



x=



∗∗∗ -0.0347



∗∗



∗∗∗ -0.0284



∗∗∗ 0.0137



-0.0171



(0.00645)



(0.00703)



Month FEs



Constant



IOR



#Analysts



Quoted Spr.



Ret. Vol.



Market Cap.



x



∗∗∗ 0.0539



(2)



Odd Lot Ratio



∗∗∗ 0.0662



(1)



x=



level (via bootstrap with 250 resamples) and are reported in parentheses.



54879



No



No



(0.08581)



∗∗∗ 0.8425



(0.00223)



∗∗∗ 0.0112



(0.01151)



∗∗∗ -0.1366



54156



No



Yes



X



(0.02054)



∗∗∗ 0.1581



(0.00566)



∗∗∗ 0.0566



(0.00644)



∗∗∗ -0.0268



(0.00870)



∗∗ -0.0180



(0.00371)



∗∗∗ -0.0272



(0.01501)



∗∗∗ -0.1137



(8)



Avg. Trade Size (7)



x=



algorithmic trading proxies (xit ) derived from SEC MIDAS data are described in the main text. All standard errors are clustered at the stock



ownership ratio (IOR) is the fraction of shares held by 13F ling institutions at the end of the preceding calendar quarter. Construction of



number of reporting analysts in the Thomson Reuters I/B/E/S database associated with each stock-quarter announcement. The institutional



is average of the time-weighted bid-ask spread over the same interval (reported in percent). The number of analysts is the log of the largest



[T − 42, T − 22],



. Cumulative abnormal returns (in logs) are net of Fama and French (1992) three-factor implied returns over the



same interval. Market capitalization, share price, and return volatility are logs of daily averages over



CARit



(T −1,T +2)



is measured as the ratio of the announcement response divided by the total variation in the pre- and post-announcement period:



For each stock



(21) jumpit



xit = ζ + ηlpriceit + θ × controlsit + δit ,



Table presents results from an IV quantile (median) regression of price jump ratios on a set of algorithmic trading proxies:



Table XIX: Determinants of Announcement Price Impact  Quantile Regression



References



Amador, Manuel and Pierre-Olivier Weill. 2010. and Welfare.



Journal of Political Economy



Learning from Prices: Public Communication



118 (5):866907.



Baker, Malcolm, Jeremy C. Stein, and Jerey Wurgler. 2003.



When Does the Market Matter?



Stock Prices and the Investment of Equity-Dependent Firms.



nomics



The Quarterly Journal of Eco-



118 (3):9691005.



Baldauf, Markus and Joshua Mollner. 2015. High-Frequency Trading and Market Performance. Working paper.



Baumol, William J. 1965.



The Stock Market and Economic Eciency



. New York, NY: Fordham



University Press.



Bond, Philip, Alex Edmans, and Itay Goldstein. 2012. The Real Eects of Financial Markets.



The Annual Review of Financial Economics



4:33960.



Brogaard, Jonathan, Terrence Hendershott, and Ryan Riordan. 2014. and Price Discovery.



Review of Financial Studies



High-Frequency Trading



27 (8):22672306.



Byun, Jinho and Michael S. Roze. 2003. Long-run Performance after Stock Splits: 1927 to 1996.



The Journal of Finance



58 (3):10631085.



Chaboud, Alain P., Benjamin Chiquoine, Erik Hjalmarsson, and Clara Vega. 2014. Machines:



Algorithmic Trading in the Foreign Exchange Market.



Rise of the



The Journal of Finance



69 (5):20452084.



Chakrabarty, Bidisha, Pamela C. Moulton, and Xu (Frank) Wang. 2017. Attention Eects in a High-Frequency World. Working paper.



Chen, Qi, Itay Goldstein, and Wei Jiang. 2007. Price Informativeness and Investment Sensitivity to Stock Price.



Review of Financial Studies



20 (3):619650.



43



Dow, James and Gary Gorton. 1997. Stock Market Eciency and Economic Eciency: Is There a Connection?



The Journal of Finance



52 (3):pp. 10871129.



Fama, Eugene F., Lawrence Fisher, Michael C. Jensen, and Richard Roll. 1969. The Adjustment of Stock Prices to New Information.



International Economic Review



10 (1):121.



Fama, Eugene F. and Kenneth R. French. 1992. The Cross-Section of Expected Stock Returns.



Journal of Finance



47 (2):427465.



Foster, F. Douglas and S. Viswanathan. 1993. The Eect of Public Information and Competition on Trading Volume and Price Volatility.



The Review of Financial Studies



6 (1):2356.



Foucault, Thierry, Roman Kozhan, and Wing Wah Tham. 2016. Toxic Arbitrage. Working paper.



Frazzini, Andrea. 2006.



Finance



The Disposition Eect and Underreaction to News.



The Journal of



61 (4):20172046.



Grinblatt, Mark S., Ronald W. Masulis, and Sheridan Titman. 1984. Stock Splits and Stock Dividends.



Journal of Financial Economics



The Valuation Eects of 13 (4):461  490.



Grossman, Sanford J. and Joseph E. Stiglitz. 1980. On the Impossibility of Informationally Ecient Markets.



The American Economic Review



70 (3):393408.



Han, Jungsuk, Mariana Khapko, and Albert S Kyle. 2014. Liquidity with High-Frequency Market Making.



Swedish House of Finance Research Paper



(14-06).



Hendershott, Terrence, Charles M. Jones, and Albert J. Menkveld. 2011. Does Algorithmic Trading Improve Liquidity?



Journal of Finance



66 (1):133.



Holden, Craig W. and Avanidhar Subrahmanyam. 1992. Imperfect Competition.



The Journal of Finance



Long-Lived Private Information and



47 (1):247270.



Jovanovic, Boyan and Albert J. Menkveld. 2015. Middlemen in Limit Order Markets. Working paper.



44



Kim, Oliver and Robert E. Verrecchia. 1997. Pre-Announcement and Event-Period Private Infor-



Journal of Accounting and Economics



mation.



24 (3):395  419.



Kleibergen, Frank and Richard Paap. 2006. Generalized Reduced Rank Tests Using the Singular Value Decomposition.



Journal of Econometrics



133 (1):97  126.



Kothari, S. P., Susan Shu, and Peter D. Wysocki. 2009.



Journal of Accounting Research



Do Managers Withhold Bad News?



47 (1):241276.



Kyle, Albert S. 1985. Continuous Auctions and Insider Trading.



Econometrica



53 (6):13151335.



Livnat, Joshua and Richard R. Mendenhall. 2006. Comparing the PostEarnings Announcement Drift for Surprises Calculated from Analyst and Time Series Forecasts.



Research



44 (1):177205.



Merton, Robert C. 1974. Rates.



Journal of Accounting



On The Pricing Of Corporate Debt: The Risk Structure Of Interest



The Journal of Finance



29 (2):449470.



Morris, Stephen and Hyun Song Shin. 2005. Central Bank Transparency and the Signal Value of Prices.



Brookings Papers on Economic Activity



2:166.



Petersen, Mitchell A. 2004. Information: Hard and Soft. Working paper.



Roychowdhury, Sugata and Ewa Sletten. 2012. Informativeness.



The Accounting Review



Voluntary Disclosure Incentives and Earnings



87 (5):16791708.



van Kervel, Vincent and Albert J. Menkveld. 2016. High-Frequency Trading around Large Institutional Orders. Working paper.



Yang, Liyan and Haoxiang Zhu. 2016. Back-Running: Seeking and Hiding Fundamental Information in Order Flows. Working paper.



Zhang, Sarah. 2013. Need for Speed: An Empirical Analysis of Hard and Soft Information in a High Frequency World. Working paper.



45




























SUCCESSFUL ALGORITHMIC TRADING - GitHub













Does Strengthening Self-Defense Law Deter Crime or ... - CiteSeerX













pdf-1495\does-capital-punishment-deter-crime-at-issue ...













Does Strengthening Self-Defense Law Deter Crime or ... - CiteSeerX













Download Building Winning Algorithmic Trading ...















Does Algorithmic Trading Deter Information Acquisition?






Oct 22, 2017 - managers respond to perceived capital constraints (Baker, Stein, and ... post-announcement value are prices expected to be for a small ..... proxies to account for potential omitted variable biases in the degree of algorithmic trading within ... The resulting empirical system for speci cations (3) and (4) is. 






 Download PDF 



















 508KB Sizes
 1 Downloads
 149 Views








 Report























Recommend Documents













SUCCESSFUL ALGORITHMIC TRADING - GitHub 

code that queries the database and provides access to external tools, such as MATLAB, R ...... Construct the Yahoo URL with the correct integer query parameters ...... and add to a pandas DataFrame pdf = web.DataReader(ticker, 'google', start, end). 




















Does Strengthening Self-Defense Law Deter Crime or ... - CiteSeerX 

in reported justifiable homicide from the SHR, along with assumptions about the degree of underreporting, to address the issue of whether the additional ...




















pdf-1495\does-capital-punishment-deter-crime-at-issue ... 

... the apps below to open or edit this item. pdf-1495\does-capital-punishment-deter-crime-at-issu ... oes-capital-punishment-d-by-amy-marcaccio-keyzer.pdf.




















Does Strengthening Self-Defense Law Deter Crime or ... - CiteSeerX 

Department of Economics, 3087 Allen Building, 4228 TAMU, College Station, .... Nearly all of these laws also strengthened legal protections in other ways as well. ... California, Colorado, Georgia, Idaho, Illinois, Indiana, Kansas, Kentucky, ...




















Download Building Winning Algorithmic Trading ... 

Download Building Winning Algorithmic Trading Systems, +. Website: A Trader s Journey From Data Mining to Monte Carlo. Simulation to Live Trading (Wiley ...


























×
Report Does Algorithmic Trading Deter Information Acquisition?





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Sign In






Email




Password







 Remember Password 
Forgot Password?




Sign In



















Information

	About Us
	Privacy Policy
	Terms and Service
	Copyright
	Contact Us





Follow us

	

 Facebook


	

 Twitter


	

 Google Plus







Newsletter























Copyright © 2024 P.PDFKUL.COM. All rights reserved.
















