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Abstract

We study how stock price informativeness changes with the presence of high-
frequency trading (HFT). Our estimate is based on the staggered start of HFT
participation in a panel of international exchanges. With HFT presence market
prices are a less reliable predictor of future cash flows and investment, even more
so for longer horizons. Further, idiosyncratic volatility decreases, mutual funds
trade less actively and their holdings deviate less from the market-capitalization
weighted portfolio. These findings suggest that price informativeness declines
with HFT presence, consistent with theoretical models of HFTs’ ability to antici-
pate informed order flow, reducing incentives to acquire fundamental information.
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1 Introduction

High-frequency traders (HFTs) have emerged as a new major type of participant in

financial markets over the last two decades. On modern equity exchanges, HFTs nowa-

days account for the majority of order messages and a significant share of trading

volume. In the U.S., high-frequency trading (HFT) constitutes approximately half of

trading volume, in Europe about one third.1 HFTs are characterized by short holding

periods and a high degree of technological sophistication enabling rapid communica-

tion with the exchange server, thus allowing the submission of order messages with low

latency.2

We investigate how stock price informativeness about fundamentals changes with

the beginning of HFT. To that end, we estimate a generalized difference-in-differences

model, using an international panel of 18 stock markets and HFT start dates that are

based on pronounced increases in order-cancellation ratios and decreases in average

trade sizes (see Aitken et al. (2015)). We measure price informativeness using the

welfare-based measure suggested by Bai et al. (2016), which captures the variation in

future cash flows and investment in the next one to five years that is predicted by

current market prices. The staggered introduction across different markets reduces the

likelihood that a simultaneous unrelated event drives the results. Price informativeness

about future cash flows and investment, and idiosyncratic volatility decrease with the

start of HFT, and institutional investors deviate less from the market portfolio. These

findings suggest that information acquisition deteriorates with the start of HFT.

1See Deutsche Bank Research citing estimates from TABB Group for 2014.
2HFT is a subset of algorithmic trading. Algorithmic trading refers to the general class of trading

strategies which determine order submissions and cancellations in an automated fashion based on a
set of input variables stemming from market data. See Menkveld (2016) for a recent survey of the
literature on HFT.
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Fundamentally informative prices matter from a social welfare perspective because

they lead to an efficient allocation of real resources. Prices that reveal the attractive-

ness of future investment opportunities enable funds to flow accordingly. Information

acquisition also matters for social welfare if the information that market participants

acquire feeds into real decision making, e.g., through learning or incentive channels. If

market participants acquire information that is not known to decision makers at the

firm, then the revelation of this information leads to more efficient investment deci-

sions as conjectured by Hirshleifer (1971), or more recently, the market feedback loop

literature (e.g., Dow et al. (2017), or Edmans et al. (2015)).

Informative prices require two conditions: first, existing information needs to be

impounded into prices through the trading process. Second, new information has to be

acquired by investors to begin with. Most empirical studies on HFT focus on short-

horizon efficiency, the former channel, and document a positive effect. These studies

examine outcomes such as how closely prices resemble a random walk, or whether HFT

trade against transitory pricing errors. Several theoretical models yield predictions on

information acquisition, the latter channel. Short-run efficiency might improve, while

information acquisition actually deteriorates. Empirically testing this channel is diffi-

cult, because information acquisition cannot be directly observed from the researcher’s

perspective. Our paper contributes by studying price informativeness and thereby pro-

viding indirect evidence on information acquisition. Depending on the impact of HFT

on information acquisition, the net effect of HFT on price informativeness can be either

positive or negative.

Our analysis shows that the start of HFT is associated with a substantial reduction

in the informativeness of prices about future cash flows, amounting to at least 50% of
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one standard deviation for horizons greater than or equal to two years. The economic

magnitude of this decline increases further for longer horizons, reaching approximately

71% of one standard deviation for a five year horizon. The forecasting power of prices

with respect to investment also decreases by at least one third of a standard deviation,

and becomes more pronounced for longer horizons.

Examining the timing of changes in price informativeness around the start of HFT,

we find that the wedge between markets where HFT has not (yet) been adopted coin-

cides with the estimated start dates. The findings cannot be explained by differential

exposures to the growing importance of exchange-traded funds (ETFs). Further, the

findings cannot be explained by changes in the composition of markets, which might di-

rectly affect price informativeness. Moreover, we obtain comparable estimates when we

account for potential differences in the precision with which the price informativeness

measures are estimated at the exchange-year level. Cross-sectional tests reveal that the

effect is more pronounced for firms in which HFT are known to be more active (large

firms), and for firms that are more difficult to value (young and high growth firms).

Idiosyncratic volatility, the variation in stock returns that cannot be explained by

asset pricing factors, measures the incorporation of firm-specific information into prices.

We document that idiosyncratic volatility decreases by 15% of one standard deviation

subsequent to the start of HFT, thus providing empirical support for the detrimental

effect of HFT on information acquisition based on firm-level observations.

Further, we study the behavior of institutional investors in these markets. If insti-

tutional investors acquire and process less firm-specific information, we expect this to

be reflected in their investment decisions. For each market, we compute the deviation

of portfolio holdings of mutual funds from a market capitalization-weighted portfolio
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(Active weight) and trades leading to changes in their active positions (Active trade).

We find that both measures decrease with the start of HFT, by approximately 39% and

68% of one standard deviation, respectively.

Taken together, these findings lend support to the hypothesis that HFT is detri-

mental to information acquisition activities. Hence, we provide empirical support for

the existence of a tension between the incorporation of existing information in prices3

and incentives to acquire new information that appears to be aggravated by HFT. Our

results help reconcile the opposing views of most of the existing academic literature on

HFT and the opinions expressed by some institutional investors who base their invest-

ment decisions on fundamental information, and who indeed appear to be the group of

market participants who are negatively affected by HFT.

In addition to the above mentioned literature on the real effects of financial mar-

kets,4 this study complements the various strands of the literature on HFT. Our study

tests predictions made in a number of recent theoretical studies investigating the effect

of HFT on information acquisition by other market participants. Stiglitz (2014) voices

the concern that HFTs anticipate informed order flow and appropriate the informa-

tion rents that would have otherwise accrued to the investors that incurred information

acquisition costs. As the rents from investing in fundamental information acquisition

decrease, information production by investors decreases accordingly. As a result, less

fundamental information is impounded into prices and resource allocation deteriorates,

because it is based on less informative market prices. Yang and Zhu (2018) analyze

this mechanism formally, by building on a two-period Kyle (1985) model, to which

3See, e.g., Foucault et al., 2016, Brogaard et al., 2015, Chakrabarty et al., 2018, Brogaard et al.,
2014, Carrion, 2013, Riordan and Storkenmaier, 2012, Conrad et al., 2015, Boehmer et al., 2018,
Zhang, 2017, as examples for literature studying this process in relation to HFT.

4See Bond et al. (2012) for a comprehensive survey.
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they add a so-called “back-runner”. Their model analyzes the strategic interaction be-

tween two types of informed traders: a trader that is fundamentally informed, and the

back-runner that infers this fundamental information from observing past order flow.

If this order flow signal is sufficiently accurate, the fundamentally informed trader

adds noise to his trading strategies in an attempt to conceal his private information.

As a result, less fundamental information is revealed in equilibrium. An extension

of the model with endogeneous information acquisition shows that the fundamental

trader acquires less information to begin with in the presence of a back-runner. Draus

(2018), in a three-period Kyle model, considers an HFT that is either able to learn

from fundamental-based order flow or to obtain a noisy signal about the fundamental

investor’s information irrespective of the order flow. In both cases, the fundamental

investor acquires less information than in the absence of the HFT and long-term price

informativeness is lower. Baldauf and Mollner (2018) model order anticipation in a frag-

mented market where HFTs can act both as liquidity demanders and suppliers. They

find that if HFTs become faster, both information acquisition and the bid-ask spread

decrease. Dugast and Foucault (2018) show that price informativeness can decline if

readily available, raw, but imprecise information becomes sufficiently inexpensive such

that market participants reduce their demand for more accurate, processed information.

Our analysis is also related to studies on transaction costs of institutional investors.

Tong (2015) finds that HFT activities increase transaction costs in the U.S., whereas

Brogaard et al. (2014), in a study of the U.K. equity market, do not find any significant

effects. Van Kervel and Menkveld (2019) and Korajczyk and Murphy (2019), for the

Swedish and Canadian markets, respectively, find that HFTs can apparently identify

large institutional orders. Korajczyk and Murphy (2019) also show that HFT increases
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the costs of large informed trades.

In a contemporaneous paper that, to our knowledge, is the only empirical study

investigating the implications of automated trading on information acquisition, Weller

(2018) documents that algorithmic trading decreases the amount of information that

is impounded into prices in the period prior to quarterly earnings announcements. His

evidence supports the existence of a trade-off between the incorporation of existing

and new information in prices. Our approach is complementary to that of Weller

(2018) because, applying a different methodology, we study a longer-term measure of

fundamental price informativeness. Our results suggest that the information that is

impounded into prices with a delay far exceeds the content of a quarterly earnings

announcement. Based on the reasoning by Hirshleifer (1971), longer-term information

is more relevant for allocative efficiency as compared to information which is latent but

will be revealed with certainty in the short-run.

The remainder of this paper is organized as follows: Section 2 describes the empir-

ical strategy, the main measures and the data. Section 3 presents the results on the

informativeness of prices about cash flows and investment. Section 4 examines more

direct measures of information acquisition, and Section 5 concludes.

2 Empirical Strategy and Data

2.1 Empirical Strategy

The main idea behind our empirical strategy is to use the staggered start of HFT pres-

ence in international markets to study the effect of HFT on price informativeness. We

use the estimated HFT start dates by Aitken et al. (2015) who follow two approaches.
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HFT is generally considered to be associated with a large amount of order cancellations

relative to trading volume and small trade sizes. Thus, using order book and trade

data from Thomson Reuters Tick History (TRTH), Aitken et al. (2015) identify times

with a pronounced and persistent increase in order cancellation-to-trade ratios, or a

decrease in trade sizes, respectively.5 Start dates based on order cancellation rates are

not available for five markets with HFT. We use a combination of both approaches.

We use the earlier of the two start dates, in case they are both available for the given

market, and the trade size-based start dates for the markets without information on

order cancellation ratios. Table 1 shows the HFT start dates for 13 international ex-

changes. The start dates based on trade size range from the early adopters (United

States, Germany) in the beginning of 2003 to the late adopters in 2009 (Indian stock

exchanges). The start dates based on order cancellation are broadly comparable, but

occur 16 months earlier for Toronto and 24 months earlier for London.

Five exchanges (Seoul, Shanghai, Shenzhen, Singapore and Hong Kong) serve as

counterfactuals in our analyses, because these markets were not exposed to HFT over

our sample period. On the mainland Chinese exchanges in Shenzhen and Shanghai,

it is prohibited to open and close a position in a security on the same trading day

(Bian et al., 2017).6 HFT in the Hong Kong and Korean equity markets is nearly

impossible because of a financial transaction tax that is payable on each transaction

even for positions that are closed by the end of the trading day without exemptions.

High exchange trading fees have made HFT uneconomical in Singapore.7

5For the precise definition of the dates, see the appendix of Aitken et al. (2015). TRTH is a database
developed by SIRCA, founded by Professor Michael Aitken.

6As is the case for exchanges in other countries, rules are different for derivatives markets.
7See Meyer and Guernsey (2017), https://www.hkex.com.hk/Services/

Rules-and-Forms-and-Fees/Fees/Securities-(Hong-Kong)/Trading/Transaction?sc_lang=en,
and http://www.nts.go.kr/eng/data/KOREANTAXATION2012.pdf.
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The use of colocation, i.e., the housing of trading firms’ computer servers within

an exchange’s data center, is closely related to HFT activity. We use these dates as a

third alternative definition for HFT start dates. While colocation today is used also

by other major market participants, HFTs have originally been the primary clientele

of exchanges’ colocation offerings. It is important to note, however, that colocation is

not a necessary condition because HFTs may house their servers in close geographic

proximity to exchanges without the latter offering colocation services. In fact, it is likely

that exchanges begin to offer colocation as an endogenous response to the demand by

HFTs. Colocation does facilitate HFT and likely results in a larger amount of HFT,

even though the first HFTs might have traded on an exchange before the initiation

of colocation offerings. Aitken et al. (2015) identify the dates when exchanges offered

colocation for the first time and show that the start of HFT based on trade size has

preceded the offering of colocation services. We recognize that these approaches to

estimate the start of HFT in certain markets are noisy. In the Appendix in Tables A4,

A5, and A6 we investigate the sensitivity of the results to the choice of the start date.

Based on the HFT start dates, we run a difference-in-differences analysis with mul-

tiple events using a panel of exchange-year observations and estimate

Yk,m,t = β0 + β1HFTm,t + δXm,t + ηt + µm + εm,t, (1)

wherem indicates the stock exchange and t the year, Yk represents price informativeness

about future cash flows or investment for the time horizons k = 1, ..., 5. HFT is zero

prior to the HFT start date and one for all following years. X is a vector of control

variables that consists of the natural logarithm of total market size and Electronic, a
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dummy variable capturing the effect of the transition from floor to electronic trading

based on Gorham and Singh (2009). ηt are year fixed effects, µm stock exchange fixed

effects, and εm,t is the error term. Following the same approach, we also analyze changes

in idiosyncratic volatility using a panel of firm-year observations.

As indicated above, the models in both the exchange-level and the firm-level anal-

ysis include year and exchange or firm fixed effects, respectively. The former flexibly

eliminates common trends. The latter eliminates the impact of time-invariant unob-

servable firm or stock exchange-specific characteristics. Our estimates of the coefficient

of HFT are thus driven by variation within markets and within firms.

We argue that HFT adoption has likely been brought about by the presence of

sophisticated investors in combination with the automation of trading platforms. Be-

cause the former likely start out trading in their home markets, differences between the

populations of investors in different countries matter. The latter has been adopted on

different exchanges at different points in time. The start of HFT requires certain tech-

nical and institutional preconditions: the market has to permit direct market access,

or offer exchange membership to HFTs, and intraday trading has to be legal.

The key to our identification strategy is the staggered chronology of the start of HFT

across international markets. Given that the start of HFT is not randomly allocated

across markets, potential concerns about reverse causality or an omitted factor driving

the HFT start dates need to be addressed. To address these concerns, we discuss a

number of alternative interpretations of our findings.

Reverse causality could threaten a causal interpretation of our results. Whether

this concern is plausible depends on whether HFTs can directly benefit from a decline

in the fundamental informativeness of prices, i.e., from an increasing distance between
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prices and their fundamental values. One could argue that some of their strategies

involve arbitrage between securities or markets, and this is why they might profit from

inefficient prices. However, HFTs predominantly hold securities for short horizons,

mostly intradaily with little overnight exposure. As a consequence, HFTs are unlikely

to have sufficient patience to wait until prices converge to their fundamental values.

Hence, it is unlikely that HFT profits are directly determined by the informativeness

of prices.

The observed chronological order in this paper is inconsistent with the notion that

HFTs enter informationally inefficient markets first. If anything, the markets in the

U.S. and Germany, in which we observe the first start of HFT, rather rank among

the more efficient markets. Also in the cross-section of stocks, the existing evidence

is inconsistent with a preference for trading inefficient stocks: Brogaard et al. (2014)

show that HFTs are more active in large than in small cap stocks, which suggests that

they do not prefer to trade in less efficient markets, even if the potential profit, as a

fraction of their trading volume, may be higher in such an environment.

A causal interpretation of the estimates in our study hinges upon the assumption

that there is no unobservable confounding factor that drives both HFT and price in-

formativeness. The staggered nature of events and the use of exchange fixed effects

mitigate the concern that this assumption is violated, as any such confounding factor

would have to be correlated with the chronological order of the start of HFT. Further,

we analyze pre-trends and directly address potential confounders that might bias our

results, by considering the impact of ETF growth, financial crisis, changes in mar-

ket compositions, and the chronological order of the introduction of electronic trading

platforms further below.
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2.2 Measuring the Informativeness of Prices and Information

Acquisition

2.2.1 Informativeness about Future Cash Flows and Investment

We measure the informativeness of prices following the approach suggested by Bai

et al. (2016) and used in Kacperczyk et al. (2019). This measure captures how well the

cross-section of firms’ market prices in a given market at a given point in time predict

the cross-section of their future cash flows or the cross-section of future investment,

respectively.

Building on standard Q theory, Bai et al. (2016) consider firms that choose capital

adjustments given a productivity shock and capital adjustment costs. Managers and

outside investors receive signals about the firm-specific productivity shocks that are

not perfectly correlated. Since the signals include information that is outside of the

managers’ information set, managers take into account market prices when making

investment decisions. As a result, the efficiency of firms’ investment decisions, and thus

welfare, increases with the informativeness of market prices about the productivity

shock.

Following Bai et al. (2016), we regress cash flows in the future one to five years on

current market values, controlling for current cash flows and industry membership and

scaling all variables by firms’ total assets to obtain the measure of price informativeness.

Market values are measured at the end of March following the end of the firm’s fiscal

year. We estimate

Ei,t+k

Ai,t

= am,t,k + bm,t,klog

(
Mi,t

Ai,t

)
+ cm,t,k

(
Ei,t

Ai,t

)
+ dsm,t,k1

s
i,t + εi,t,k (2)
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for each market and each year, where i identifies each firm, m identifies the market, t

the year, E is EBITDA, A is total assets, M is the market value of equity, 1s indicates

the firm’s first digit of the SIC code and k = 1, ..., 5. The informativeness of prices

about cash flows (PriceinfoCF ) in horizon k in year t and in market m is given by the

square root of the predicted variance of future cash flows using current market prices,

which is the coefficient bm,t,k above multiplied by the standard deviation of log
Mi,t

Ai,t
, the

natural logarithm of scaled market prices.

We construct the informativeness of prices about investment similarly. Capital

expenditures one to five years ahead are regressed on current market values, controlling

for current investment, current EBITDA and industry dummies. We estimate

Ii,t+k

Ai,t

= am,t,k + bm,t,klog

(
Mi,t

Ai,t

)
+ cm,t,k

(
Ei,t

Ai,t

)
+ dm,t,k

(
Ii,t
Ai,t

)
+ esm,t,k1

s
i,t + εi,t,k, (3)

where I denotes capital expenditure and the other variables are as defined above. In-

formativeness about investment (PriceinfoI) with respect to horizon k in year t and

in market m is given by the predicted variance of future investment based on market

prices, which is the coefficient bm,t,k above multiplied by log
Mi,t

Ai,t
.

2.2.2 Idiosyncratic Volatility

Idiosyncratic, or firm-specific volatility denotes the portion of variation in stock returns

that is not explained by asset pricing factors. French and Roll (1986) argue that this

portion of variation captures the rate of the incorporation of private information into

prices via trading. It has been used and supported as a measure of the incorporation

of firm-specific information into prices by a number of articles, including Durnev et al.
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(2003), Durnev et al. (2004), Chen et al. (2007), or Fernandes and Ferreira (2009).

Idiosyncratic volatility is computed as the standard deviation of the residuals ob-

tained from a Fama-French three factor model estimated using daily returns over the

last 12 months (Fama and French (1993)).8

2.2.3 Mutual Fund Holdings and Trades

Since investors acquire information to use it when constructing their portfolios seek-

ing superior returns, any change in the extent of information acquisition should be

reflected in their portfolio choices. In particular, if investors acquire less information

their portfolio weights should be closer to that of a passive benchmark. We use mutual

fund holdings data from the Thomson Reuters Global Ownership database to measure

fund managers’ active decisions as proxies for their information acquisition. We cannot

observe the stated benchmark of all funds at all times, nor the constituents and their

weighting of all indices, and it is also not clear that the official benchmark is the one

actually used by the fund manager as a baseline portfolio. We therefore follow Doshi

et al. (2015) who define Active weight as the deviation from the value-weighted port-

folio, and show that their measure positively predicts fund performance. Active weight

for fund i at time t is defined as

Active weightit =
1

2

∑
j

|wj
it − w

jm
it |, (4)

with w being portfolio weights, j indicating stocks contained in the portfolio, and jm

referring to the market capitalization-based weight of the stock in the portfolio under

8We thank Heiko Jacobs for providing the data used in Jacobs (2016).
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consideration.

A smaller amount of active trading decisions taken by investors should also correlate

with a reduced portfolio turnover as investors have less reason to adjust their portfolios.

This should obviously hold true if the activeness of portfolio holdings decreases. To the

extent that investors try not to reduce the amount of active positions in their portfolio,

e.g., because their investors may have a preference for more active portfolios as opposed

to closet indexing, they may do so by acquiring information about only a subset of

stocks at a time, and consequently by replacing active positions less frequently. We

therefore define an additional measure that we term Active trade, which refers to the

active change in portfolio weights from one year to the next. Active trade for portfolio

i at time t is defined as

Active tradeit =
1

2

∑
j

(wj
it − w

jm
it )− (wj

it−1 − w
jm
it−1), (5)

where we sum only over those stocks contained in the portfolio in both years.

The measures as defined above are defined on a fund-level. However, for our pur-

poses, we need to obtain exchange-level rather than fund-level observations. This re-

quires two additional steps: First, within each fund, we compute Active weight and

Active trade separately for stocks listed on each exchange. Second, we aggregate the

measure on an exchange-level by value-weighting the individual funds’ exchange port-

folios’ active weights and trades.
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2.3 Sample and Summary Statistics

The empirical analysis is based on annual data of an international panel of listed firms

spanning the period from 1993 to 2012. We use accounting data from Compustat North

America and Compustat Global and price and volume data from CRSP and Compustat

Global for the U.S. and international exchanges, respectively. In cases of stock prices

being available for the same firm and different exchange codes, we choose the exchange

with the largest number of shares traded as the relevant one for the given firm and the

given year.

Macroeconomic variables such as information on gross domestic product or trade

are from the World Bank. We convert all values denominated in non-U.S. currency to

U.S. dollars using exchange rates from the Federal Reserve System. We use the U.S.

GDP deflator indexed to 2009 from the Federal Reserve Economic Data to turn nominal

into real values.

We exclude firms with negative values of book equity and require that the current

book value of total assets, current earnings, and future earnings are available.9 For

each market-year, we require at least 50 firm observations for the estimation of our

informativeness measures. We select firms from 18 different stock markets. Figure 1

shows how the composition of our sample, which consists of 13 markets that exhibit

the start of HFT during our sample periods and 5 counterfactual markets. The figure

also shows the staggered start of HFT across these 18 markets and 20 years. The final

sample consists of 330 rather than 360. This is because of missing financial statement

and price data for these markets in the Compustat database, or because some firms get

9For robustness, we exclude financial firms, i.e., firms with a Standard Industry Classification code
starting with 6, from our sample. When we omit financial firms, the results remain similar in terms of
statistical significance and economic magnitude.
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delisted, thus reducing the number of available data points to below 50. Further, we

lose some market-year observations for longer horizons because information on some

firms is not available for these longer horizons.

Table 2 shows descriptive statistics of our sample. The upper part displays statistics

of our main measures of informativeness, whereas the bottom part shows other firm

characteristics. Since our dataset comprises all stocks available in the major databases,

the size of sample firms spans a wide range from a few million dollars to the largest

global firms. The average firm is traded on an exchange where price informativeness

is positive, even though there is a wide dispersion in the price informativeness. The

bottom 5th percentiles of the measures are negative for all five horizons. This suggests

that for some markets at certain points in time, the valuation of firms is negatively

associated with future cash flows. The informativeness measures increase for longer

horizons.

3 Price Informativness about Cash Flows and In-

vestment

In this section, we analyze how the informativeness of prices changes with the start of

HFT. After presenting the baseline results, we investigate pre-trends, address poten-

tially confounding factors, and test cross-sectional implications.
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3.1 Empirical Results

Panel A of Table 3 shows the results of regressions of PriceinfoCF with respect to the

next one to five years on the dummy variable HFT, control variables and exchange and

time fixed effects. Standard errors are clustered at the year level.10 The coefficient of

HFT is negative for all five horizons, consistent with the notion that HFT decreases price

informativeness. The coefficient in column 1 is negative, but with -0.35 rather small

in terms of economic magnitude and fails to be statistically significant at conventional

levels. The coefficient estimates for horizons 2 to 5 increases substantially and are

statistically significant at least at the 5% level. Economically, the decrease amounts to

approximately 50% of one standard deviation in column 2, or 88% relative to the mean

value. The magnitude of this negative coefficient increases further for longer horizons,

suggesting that the negative association between HFT and PriceinfoCF becomes more

pronounced for longer prediction horizons. For horizons 3, 4 and 5, the decrease even

amounts to approximately 56%, 68% and 71%, respectively, of one standard deviation

of the outcome variable.

Next, we analyze price informativeness about investment as an outcome variable.

Panel B of Table 3 shows the regression results. Using PriceinfoI as an outcome variable,

the coefficient estimate of the dummy variable HFT is negative for all horizons and

statistically significant at the 5% level for horizon 1 and at the 1% level for horizons 2

to 5. The magnitude of the negative coefficient of the HFT dummy increases with the

time horizon, from -0.28 for horizon 1 to -1.48 for horizon 5. Economically, the effect

of HFT is sizeable. The effect ranges from 27% (horizon 1) to 61% of one standard

10The results are qualitatively very similar when using two-dimensional clustering in both the year
and exchange dimension, or when we use the bootrapping approach by Cameron et al. (2011) to adjust
for a low number of clusters in the year and exchange dimension, respectively.
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deviation in horizon 5. In sum, PriceinfoI appears to deteriorate with the start of HFT,

especially for longer horizons.

In order to illustrate the timing of the effect relative to the start of HFT, we estimate

a modified version of Equation 1 in which we replace the HFT dummy variable with

its interactions with event time dummies around the HFT start dates. Figures 2 and 3

plot the coefficients of the interaction terms for all five horizons. Adopting exchanges

and non-adopting or later-adopting exchanges appear to evolve on similar paths in the

periods prior to the start of HFT. These graphs show that the decrease in PriceinfoCF

and PriceinfoI coincides with the estimated start of HFT. The decrease still persists

several years after the start of HFT, suggesting a rather permanent change. We note

that the confidence intervals widen substantially for later periods.

Appendix Table A2 shows the distribution of the coefficient estimates for 1,000

randomly assigned HFT start dates between 2003 and 2009. These estimates are on

average close to zero, and only the left tails of the distributions are in the order of

magnitude of the coefficients based on the observed HFT start dates. In Table A3 we

investigate to which extent differences in the precision of the informativeness measure

may confound our estimate. Differences in the precision can be caused by the the fact

that the number of firm observations for each market year varies substantially, from

51 firm observations to 2,844 firm observations. Our results are comparable when we

estimate weighted regressions where we use the number of observations used to compute

the price informativeness measure in a given market-year as a weight. The coefficients

remain very similar - in some cases they decrease very slightly - while the standard

errors decrease for all 5 horizons.

We analyze the sensitivity of our results with respect to alternative HFT start

19

 Electronic copy available at: https://ssrn.com/abstract=3349653 



dates based on trade size decreases, order-cancellation ratios and colocation offerings

in Tables A4, A5 and A6 in the Appendix. The results are comparable, though order-

cancellation based start dates seem to be associated with the most pronounced decrease

in PriceinfoCF .

3.2 Potentially Confounding Factors

Next, we directly investigate potentially confounding factors that might bias our esti-

mates. More specifically, we consider the market-specific growth in exchange traded

funds and potential changes in the composition of markets.

As ETFs and HFTs both grew substantially over the past decades, the correlation

between ETF trading and HFT presence is positive. However, the direction of causality

is not obvious. On the one hand, HFTs benefit from ETF trading by arbitraging be-

tween ETFs and their constituent securities. On the other hand, their activities enable

a liquid ETF market. A plausible concern is that the growth in ETF trading might

directly affect the informativeness of prices and that the results reported so far are con-

founded by this effect. There is evidence in the literature both for higher and for lower

price informativeness resulting from ETFs (Israeli et al., 2017, or Glosten et al., 2017).

ETF growth has been most pronounced in the U.S. If the decline in price informative-

ness can be explained by ETF growth, we expect weaker results when we exclude U.S.

markets. The estimates in Panel A of Table 4 show that when excluding the U.S. the

decline in forecasting power of prices for cash flows becomes even more pronounced for

longer horizons. Panel B shows that the statistical and economic significance excluding

U.S. markets is only slightly reduced compared to our baseline estimates for using price

informativeness about investment as an outcome variable.
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Further, to investigate whether ETF growth can explain our results, we include

the natural logarithm of trading volume of the respective largest ETF replicating the

performance of the exchanges’ main indices as a further explanatory variable. Table 5

shows that, while the coefficients on ETF trading are negative and the size of the HFT

coefficient decreases slightly, the economic and statistical magnitude of the coefficient

estimate remain sizeable.

Price informativeness is also determined by the types of firms that the given market

is composed of. The fundamental characteristics of firms traded on the exchanges can

vary, or there can be entries or exits of firms that lead to changes in market compo-

sitions. Firms can become easier or harder to evaluate. For instance, Farboodi et al.

(2018) argue that informativeness increases with firm age and firm size. Such changes

in market composition may correlate with our HFT start dates and, consequently, bias

our estimates. If firms became younger and smaller with the start of HFT, we would

overestimate the drop in informativeness associated with HFT. Similarly, if firms be-

came older and larger, the effect of HFT on informativeness would be underestimated.

Further, the variability of cash flows or investment can change such that price infor-

mativeness decreases without changes in information acquisition. To account for these

alternative explanations, we construct measures of average firm size, firm age and the

standard deviation of earnings for each market and year. In Panel A of Table 6, we

use these measures as outcome variables in a regression on HFT, control variables, and

market and year fixed effects. The composition of markets with respect to firm size,

firm age, or the variability of earnings is unchanged with the start of HFT, as suggested

by the small and statistically insignificant coefficients in columns 1, 2, and 3.

In Panels B and C of Table 6 we include these characteristics as additional control
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variables to analyze to what extent changes in market composition affect our infor-

mativeness measures. Even if there are no overall changes in a certain direction, it

could still be the case that if these characteristics change in a few markets, they are

affecting our estimate. The coefficient of HFT decreases only slightly when regressing

PriceinfoCF , but still remains economically and statistically significant. For PriceinfoI

as an outcome variable, the coefficients increase slightly in magnitude. Collectively,

these results reject the notion that the observed decrease in informativeness after the

start of HFT can be explained by changes in the composition of firms.11

In the Appendix, we analyze further potentially confounding factors. The results of

Tables A7 and A8 show that differential exposures to crises, or the correlation of HFT

starts with the switch to electronic trading is unlikely to confound our estimates.

3.3 Cross-Sectional Tests

Next, we calculate the informativeness of stock prices for portfolios within markets. The

goal of this exercise is, first, to test whether the effects are larger for firms that have

greater exposure to HFT, and, second, to test whether the effects are larger for firms

that are more difficult to value. To that end we form portfolios by splitting observations

in each market and year at the median value of market capitalization, firm age, and

Tobin’s Q. We construct the price informativeness measures for each of these portfolios.

The market capitalization split is motivated by the notion that HFTs are more active

in stocks with large market capitalization, as supported by the findings in Brogaard

et al. (2014). Information asymmetries are high in young and growth firms, as they

11The results are very similar when we use the linear or log-linear functional terms of these variables,
or when we include the (log) mean firm size, mean firm age and the standard deviation of earnings as
control variables in one single regression.
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tend to have short histories of revenues and profits, and the bulk of their value consists

of future investment opportunities. As a consequence, these firms are harder to value.

Table 7 shows the estimated coefficient of the HFT dummy variable for these port-

folios. Panel A shows that the decrease in informativeness is more pronounced for large

firms than for small firms. The difference of the coefficients for large and small firms is

negative for all horizons, but is statistically weak and only significant at the 10% level

for horizon 3. This result thus weakly supports the notion that stocks with a higher

share of HFT activity experience larger decreases in price informativeness. Panel B

shows that the decrease in PriceinfoCF is greater for younger than for older firms. The

difference is positive for all but horizons but horizon 2 and statistically significant at

the 1% level for horizon 4 and at the 5% level for horizon 5. This finding supports

the hypothesis that young firms are more difficult to value and, hence, more likely to

suffer from decreased information acquisition. In Panel C, we compare the effect be-

tween firms with high and low Tobin’s Q. The difference is negative for all five horizons,

though it is statistically significant only at the 10% level for horizon 3. Taken together,

there is some weak support that the decrease in PriceinfoCF appears to be more pro-

nounced for firms with high Tobin’s Q, lending support to the notion that firms that

are more difficult to value are more exposed to the effects of HFT.

4 Information Acquisition Activities

The previous analyses investigate the informativeness of prices. In this section, we turn

to measures of information acquisition activities. Specifically, we study idiosyncratic

return volatility as a measure of the incorporation of information into prices, and the
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activeness of mutual fund portfolios as a measure of the use of information acquired by

investors.

4.1 Idiosyncratic Volatility

Table 8 shows the result of a regression of idiosyncratic volatility on the dummy vari-

able HFT when controlling for different sets of variables such as firm characteristics,

macroeconomic variables, and firm fixed and time fixed effects. According to the results

in column 3, idiosyncratic volatility decreases by 0.23 percentage points after the start

of HFT. This coefficient is statistically significant at the 1% level and also economically

sizeable, as it corresponds to approximately 15% of one standard deviation and 8% of

its mean value. This finding suggests that information-based trading decreases with

the start of HFT.

In addition to the analysis of idiosyncratic volatility, we include a similar panel

analysis using the bid-ask spread as an outcome variable in column 4 of Table 8. We find

that the spread significantly decreases by approximately 10% of one standard deviation

or 11% relative to its mean value after the start of HFT. This suggests that stock

liquidity for trades that are sufficiently small so as to require only one execution at

the best price has improved. This result is consistent with existing studies such as

Boehmer et al. (2018). Since the adverse selection component forms an important part

of the bid-ask spread, this result is consistent with a less informed order flow. This

finding supports the notion that HFTs’ ability to identify informed trading activity in

the order flow enables trading by small uninformed traders at a low cost whereas large

investors, who need to split their orders into small parts, face higher costs, which we

cannot measure directly.
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4.2 Holdings and Trades by Funds

Next we test whether a decrease in price informativeness is also reflected in holdings and

trades of institutional investors. Table 9 shows that exchange-level active holdings by

mutual funds decrease after the start of HFT. The coefficient is statistically significant

at the 10% level only, but economically significant as it represents 39% of one standard

deviation. The decrease in active trade is substantial, as suggested by the results in

column 4. The coefficient is statistically significant at the 1% level and accounts for

68% of one standard deviation. Figure 4 plots the coefficient for individual years around

this effect. For Active weight as an outcome variable, the coefficient of the HFT dummy

turns negative after the start of HFT and reverts back to zero for later periods. The

coefficients for the individual post periods fail to be statistically significant, which is not

surprising, given that the coefficient for all post-HFT start periods is only statistically

significant at the 10% level. When studying active trade as an outcome, the drop after

the start of HFT appears to be slightly more persistent. These results indicate that the

decrease in active holdings and active trades by institutional investors coincides with

the staggered start of HFT across these markets. Institutional investors deviate less

from the market portfolio in their holdings and trades, which is consistent with the

notion that they acquire and process less information about individual securities. The

reversal in Active weight some time after the start of HFT suggests that investors adjust

their behavior by taking longer term active positions, consistent with the argument

made earlier that a reduction in information acquisition can be associated with a lower

portfolio turnover even if the activeness of the portfolio holdings is not reduced.
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5 Conclusion

The two principal functions of financial markets are risk-sharing and efficient resource

allocation. Accordingly, market quality is generally defined as consisting of two di-

mensions: liquidity and price discovery. While these two dimensions are naturally

interlinked, this paper addresses the latter. As pointed out by Hirshleifer (1971), the

efficiency of prices depends on two different types of activities, the incorporation of

existing information into prices and the acquisition of new information.

The previous literature on high-frequency trading primarily studies the former. This

paper examines the influence of HFT on stock price informativeness, related to cash

flows and investment realized years into the future, and thus speaks to the latter.

The empirical evidence in this paper suggests that the informativeness of prices

declines with the presence of HFT. With HFT, market valuations predict future cash

flows and investment less precisely. This decrease becomes even more pronounced for

longer prediction horizons. At the firm level, bid-ask spreads decrease, and idiosyn-

cratic volatility, which captures the process of impounding firm-specific information

into prices, also decreases. Institutional investors appear to take less active invest-

ment decisions after the start of HFT. In sum, our results provide empirical support

for the the arguments of Stiglitz (2014), modeled theoretically by, e.g., Yang and Zhu

(2018). The findings are consistent with the hypothesis that HFT reduces the gains

from information for institutional investors through order anticipation, i.e., the ability

to use past order flow to predict future order flow by institutional investors in the same

direction, making the execution of large informed trades more expensive. Hence, insti-

tutional investors acquire less information and, as a consequence, market prices reflect
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less fundamental information. Thus, HFT distorts the basis for resource allocation.

This effect of HFT unambiguously decreases total welfare, while the aggregate effect of

HFT on welfare would have to consider the trade-off with effects on risk-sharing, which

is facilitated by higher liquidity for small trades, as have been reported in the existing

literature. Since different trading strategies are involved in beneficial liquidity provision

and aggressive exploitation of order anticipation, market operators or regulators may

reasonably consider potential mechanisms to rein in aggressive HFT.
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Figure 1: Staggered start of HFT across markets

This graph shows the HFT start dates across the markets in our sample.
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Figure 2: Informativeness about cash flows in event time

This graph shows the coefficient estimates and 90% confidence intervals of the HFT
dummy interacted with event time dummy variables around the HFT start from a
regression of PriceinfoCF from horizon 1 to horizon 5 on exchange controls, time fixed
effects and exchange fixed effects. The event time dummy variable indicates the number
of years before or respectively after the start of HFT for the respective exchange.
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Figure 3: Informativeness about investment in event time

This graph shows the coefficient estimates and 90% confidence intervals of the HFT
dummy interacted with event time dummy variables around the HFT start from a
regression of PriceinfoI over horizon 1 to horizon 5 on exchange controls, time fixed
effects and exchange fixed effects. The event time dummy variable indicates the number
of years before or respectively after the start of HFT for the respective exchange.
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Figure 4: Holdings and trades by institutional investors

This graph shows the coefficient estimates and 90% confidence intervals of the HFT
dummy interacted with event time dummy variables around the HFT start from a
regression of Active weight and Active trade over horizon 1 to horizon 5 on exchange
controls, time fixed effects and exchange fixed effects. The event time dummy variable
indicates the number of years before or respectively after the start of HFT for the
respective exchange.
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Table 1: Estimated HFT start dates across markets

This table shows HFT start dates based on trade size, order cancellation rates and
colocation offerings (see Aitken et al. (2015)). We combine the stocks listed on the two
Indian exchange, the Bombay Stock Exchange (BSE) and the National Stock Exchange
(NSE), because NSE is the larger market in terms of trading volume for large firms
that generally trade on both exchanges, many other stocks trade only on BSE.

Market Country HFT start date
trade size order cancel colocation

Nasdaq Stock Market United States Jan-03 Mar-07
Xetra Germany Jan-03 Aug-06
New York Stock Exchange United States May-03 Jul-03 Aug-08
SIX Swiss Exchange Switzerland Jan-04 Apr-12
New Zealand Stock Exchange New Zealand Nov-04
Oslo Stock Exchange Norway Apr-05 Feb-05 Apr-10
Stockholm Stock Exchange Sweden Apr-05 Mar-11
Tokyo Stock Exchange Japan May-05 Apr-04 Jan-10
Toronto Stock Exchange Canada May-05 Jan-04 Apr-08
Australian Stock Exchange Australia Apr-06 Jun-06 Oct-08
London Stock Exchange United Kingdom Feb-06 Feb-04 Sep-09
National Stock Exchange India May-09 May-09 Jan-10

Bombay Stock Exchange India May-09 May-09 Jan-10

Counterfactuals
Korea Exchange South Korea
Shanghai Stock Exchange China
Shenzhen Stock Exchange China
Singapore Exchange Singapore Jul-11
Stock Exchange of Hong Kong Hong Kong Oct-12
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Table 2: Descriptive statistics

This table shows summary statistics for our sample spanning annual data from 1993
to 2012. Variable definitions are provided in Table A1.

Variable Lower 5% Median Mean Upper 5% S.D.

Informativeness measures
PriceinfoCF (k=1) -1.84 0.93 0.91 3.24 1.49
PriceinfoCF (k=2) -2.71 1.21 1.17 4.62 2.08
PriceinfoCF (k=3) -2.95 1.64 1.64 5.93 2.51
PriceinfoCF (k=4) -2.29 2.07 2.20 6.63 2.77
PriceinfoCF (k=5) -1.75 2.62 2.98 8.16 3.12
PriceinfoI (k=1) -0.12 0.83 0.99 3.05 1.01
PriceinfoI (k=2) -0.27 1.14 1.57 4.85 1.77
PriceinfoI (k=3) -0.67 1.41 1.71 5.45 1.90
PriceinfoI (k=4) -0.83 1.45 1.89 6.17 2.24
PriceinfoI (k=5) -0.70 1.77 2.12 6.84 2.40
Idiosyncratic volatility 1.08 2.39 2.81 6.05 1.60
Active weight 0.11 0.30 0.30 0.45 0.10
Active trade 0.04 0.12 0.12 0.18 0.04
Firm controls
Market capitalization (USD million) 7 192 2,116 7487 11458
Book value of total assets (USD million) 9 287 5,887 14,317 48,786
Tobin’s Q 0.63 1.20 1.75 4.69 1.66
Log(marketcap/assets) -2.33 -0.35 -0.39 1.45 1.15
Cash/assets 0.01 0.11 0.18 0.63 0.20
Long-term debt/assets 0.00 0.06 0.12 0.44 0.15
EBITDA/assets -0.23 0.08 0.06 0.25 0.17
Capex/assets 0.00 0.04 0.06 0.21 0.07
Firm age 1.00 6.00 7.03 17.00 4.98
Bid-ask spread 0.25 1.03 1.47 4.02 1.64
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Table 3: Price informativeness about cash flows and investment

This table shows the results of a regression of price informativeness about cash flows
(Panel A) and about investment (Panel B) of horizon k on the dummy variable HFT,
a set of control variables and year and stock exchange fixed effects. All values are
expressed in real terms and converted to U.S. dollars. All variables are defined as in
Table A1. The table reports point estimates. Standard errors, clustered at the year
level, are given in parentheses. *, ** and *** indicate statistical significance at the
10%, 5% and 1% level, respectively.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.348 -1.034∗∗∗ -1.395∗∗ -1.893∗∗∗ -2.220∗∗∗

(0.306) (0.341) (0.543) (0.425) (0.595)

Electronic 0.478 1.178∗∗∗ 0.965∗ -0.221 -0.058
(0.309) (0.383) (0.532) (0.516) (0.729)

Log market size -0.153 -0.348∗∗ -0.551∗∗ -0.572∗∗ -0.529∗∗

(0.119) (0.156) (0.239) (0.246) (0.238)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.273 0.456 0.406 0.411 0.339
Obs 330 325 324 322 304

Panel B: price informativeness about investment

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.277∗∗ -0.754∗∗∗ -0.887∗∗∗ -1.143∗∗∗ -1.475∗∗∗

(0.114) (0.193) (0.303) (0.380) (0.366)

Electronic -0.223 0.521 0.227 0.351 0.469
(0.256) (0.576) (0.549) (0.663) (0.748)

Log market size 0.222∗ 0.180 0.212 0.300 0.159
(0.111) (0.163) (0.132) (0.182) (0.280)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.492 0.527 0.410 0.337 0.381
Obs 326 321 320 319 301
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Table 4: Excluding U.S. markets

This table shows the results of a regression of price informativeness about cash flows
and investment of horizon k on the dummy variable HFT, a set of control variables and
year and stock exchange fixed effects. Observations from U.S. exchanges are excluded.
All values are expressed in real terms and converted to U.S. dollars. All variables are
defined as in Table A1. The table reports point estimates. Standard errors, clustered
at the year level, are given in parentheses. *, ** and *** indicate statistical significance
at the 10%, 5% and 1% level, respectively.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.283 -0.950∗∗ -1.403∗∗ -2.104∗∗∗ -2.560∗∗∗

(0.362) (0.406) (0.635) (0.488) (0.609)

Electronic 0.586 1.117∗ 0.820 -1.190 -1.187
(0.450) (0.548) (0.802) (0.918) (1.226)

Log market size -0.161 -0.342∗∗ -0.550∗∗ -0.508∗∗ -0.505∗∗

(0.125) (0.150) (0.234) (0.226) (0.204)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.230 0.386 0.321 0.329 0.233
Obs 290 285 284 282 266

Panel B: price informativeness about investment

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.168 -0.613∗∗∗ -0.532∗∗ -0.812∗∗ -1.153∗∗∗

(0.109) (0.179) (0.198) (0.367) (0.347)

Electronic -0.328 1.045 0.257 0.406 0.617
(0.430) (0.940) (0.943) (1.076) (1.033)

Log market size 0.239∗ 0.111 0.262 0.336∗ 0.181
(0.116) (0.188) (0.162) (0.175) (0.277)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.518 0.552 0.462 0.344 0.382
Obs 286 281 280 279 263
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Table 5: Controlling for ETF trading

This table shows the results of a regression of price informativeness about cash flows
and investment of horizon k on the dummy variable HFT, the natural logarithm of the
average monthly trading volume of the market’s main exchange-traded fund, a set of
control variables and year and stock exchange fixed effects. All values are expressed in
real terms and converted to U.S. dollars. All variables are defined as in Table A1. The
table reports point estimates. Standard errors, clustered at the year level, are given
in parentheses. *, ** and *** indicate statistical significance at the 10%, 5% and 1%
level, respectively.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.335 -0.948∗∗ -1.280∗∗ -1.674∗∗∗ -1.796∗∗

(0.324) (0.351) (0.571) (0.486) (0.637)

Log ETF volume -0.007 -0.043 -0.056 -0.106 -0.179∗

(0.031) (0.030) (0.045) (0.071) (0.100)

Electronic 0.478 1.181∗∗∗ 0.967∗ -0.235 -0.062
(0.310) (0.382) (0.531) (0.505) (0.745)

Log market size -0.155 -0.351∗∗ -0.556∗∗ -0.579∗∗ -0.581∗∗

(0.116) (0.155) (0.240) (0.254) (0.248)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.271 0.457 0.408 0.419 0.357
Obs 330 325 324 322 304

Panel B: price informativeness about investment

(1) (2) (3) (4) (5)
Dep. var.: Inv. predict k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.309∗∗ -0.776∗∗∗ -0.906∗∗ -1.067∗∗ -1.374∗∗∗

(0.123) (0.210) (0.322) (0.410) (0.401)

Log ETF volume 0.016 0.011 0.009 -0.036 -0.042
(0.012) (0.026) (0.037) (0.051) (0.053)

Electronic -0.221 0.522 0.228 0.342 0.464
(0.256) (0.576) (0.550) (0.659) (0.745)

Log market size 0.225∗ 0.180 0.212 0.302 0.152
(0.111) (0.161) (0.130) (0.191) (0.290)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.492 0.525 0.408 0.337 0.380
Obs 326 321 320 319 301
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Table 6: Market composition

Panel A of this table shows the results of a regression of the natural logarithm of
mean firm size (column 1), mean firm age (column 2) or the standard deviation of
earnings (column 3) on the dummy variable HFT, a set of control variables, and year
and stock exchange fixed effects. Panel B and C show the results of a regression of
price informatinvess about cash flows and about investment as an outcome variable,
respectively. All values are expressed in real terms and converted to U.S. dollars. All
variables are defined as in Table A1. The table reports point estimates. Standard
errors, clustered at the year level, are given in parentheses. *, ** and *** indicate
statistical significance at the 10%, 5% and 1% level, respectively.

Panel A: Changes in market composition

Dep. var.: Log size Age SD earnings

HFT -0.233 -0.057 0.005
(0.136) (0.054) (0.006)

Electronic 0.377∗∗∗ -0.006 -0.025∗∗∗

(0.080) (0.042) (0.005)

Log market size 0.254∗∗∗ 0.097∗∗∗ -0.006∗∗∗

(0.033) (0.016) (0.002)

Year FE yes yes yes
Exchange FE yes yes yes
Adjusted R2 0.925 0.850 0.857
Obs 330 330 330
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Panel B: price informativeness about cash flows

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5 k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.304 -0.953∗∗∗ -1.337∗∗ -1.858∗∗∗ -2.094∗∗∗ -0.324 -1.041∗∗∗ -1.350∗∗ -1.944∗∗∗ -2.238∗∗∗

(0.301) (0.323) (0.545) (0.413) (0.570) (0.313) (0.342) (0.547) (0.427) (0.590)

Electronic 0.409 1.048∗∗ 0.869 -0.273 -0.292 0.481 1.178∗∗∗ 0.970∗ -0.245 -0.066
(0.301) (0.380) (0.556) (0.549) (0.829) (0.305) (0.386) (0.530) (0.505) (0.738)

Log market size -0.200∗ -0.445∗∗∗ -0.621∗∗∗ -0.614∗∗ -0.714∗∗ -0.194∗ -0.339∗∗ -0.616∗∗ -0.491∗ -0.510∗

(0.108) (0.143) (0.205) (0.248) (0.306) (0.107) (0.153) (0.265) (0.277) (0.263)

Log firm size 0.185 0.356∗ 0.263 0.157 0.692
(0.166) (0.197) (0.338) (0.382) (0.542)

Firm age 0.421 -0.118 0.762 -0.964 -0.239
(0.642) (0.591) (0.830) (0.767) (1.162)

Year FE yes yes yes yes yes yes yes yes yes yes
Exchange FE yes yes yes yes yes yes yes yes yes yes
Adjusted R2 0.273 0.458 0.406 0.409 0.343 0.273 0.454 0.407 0.412 0.336
Obs 330 325 324 322 304 330 325 324 322 304
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Panel B: price informativeness about cash flows (continued)

(11) (12) (13) (14) (15)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.312 -0.996∗∗∗ -1.364∗∗ -1.886∗∗∗ -2.240∗∗∗

(0.286) (0.320) (0.539) (0.437) (0.632)

Electronic 0.304 0.969∗∗ 0.787 -0.261 0.116
(0.281) (0.353) (0.492) (0.471) (0.575)

Log market size -0.196 -0.384∗∗ -0.584∗∗ -0.580∗∗ -0.492∗∗

(0.114) (0.158) (0.236) (0.234) (0.222)

SD earnings -6.991 -7.635∗ -6.487 -1.596 7.386
(4.258) (4.053) (5.251) (5.891) (11.020)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.285 0.463 0.409 0.409 0.340
Obs 330 325 324 322 304
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Panel C: price informativeness about investment

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5 k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.348∗∗∗ -0.769∗∗∗ -1.078∗∗∗ -1.256∗∗∗ -1.603∗∗∗ -0.295∗∗ -0.756∗∗∗ -0.914∗∗∗ -1.166∗∗∗ -1.516∗∗∗

(0.119) (0.213) (0.353) (0.396) (0.352) (0.125) (0.190) (0.318) (0.400) (0.383)

Electronic -0.109 0.545 0.541 0.521 0.702 -0.246 0.519 0.193 0.312 0.425
(0.209) (0.511) (0.400) (0.598) (0.685) (0.259) (0.589) (0.559) (0.686) (0.783)

Log market size 0.295∗∗ 0.197 0.430∗∗ 0.432∗∗ 0.336 0.277∗∗ 0.185 0.279∗ 0.365∗∗ 0.223
(0.107) (0.166) (0.194) (0.157) (0.240) (0.110) (0.174) (0.145) (0.169) (0.283)

Log firm size -0.293 -0.063 -0.830 -0.492 -0.667∗

(0.181) (0.282) (0.533) (0.397) (0.339)

Firm age -0.563∗ -0.061 -0.798 -0.791 -0.797
(0.324) (0.605) (0.508) (0.904) (1.075)

Year FE yes yes yes yes yes yes yes yes yes yes
Exchange FE yes yes yes yes yes yes yes yes yes yes
Adjusted R2 0.502 0.525 0.433 0.341 0.389 0.498 0.525 0.412 0.338 0.381
Obs 326 321 320 319 301 326 321 320 319 301
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Panel C: price informativeness about investment (continued)

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.231∗∗ -0.711∗∗∗ -0.811∗∗ -1.077∗∗∗ -1.397∗∗∗

(0.103) (0.188) (0.295) (0.356) (0.338)

Electronic -0.008 0.700 0.607 0.707 0.757
(0.203) (0.495) (0.462) (0.625) (0.739)

Log market size 0.232∗∗ 0.142 0.245∗ 0.225 0.121
(0.105) (0.136) (0.135) (0.158) (0.260)

Log SD earnings 0.873∗∗ 0.480 1.484∗ 1.239∗∗ 1.062
(0.364) (0.528) (0.792) (0.590) (0.786)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.499 0.530 0.408 0.336 0.383
Obs 345 340 339 338 319
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Table 7: Cross-sectional tests

This table shows the results of a regression of price informativeness about cash flows
of horizon k on the dummy variable HFT, a set of control variables and year and
stock exchange fixed effects for several portfolios. In Panel A, price informativeness
is constructed based on all observations which are above or below the median market
capitalization for the given market and year. In Panel B, the measure is constructed
based on all observations which are above or below the median firm age for the given
market and year. In Panel C, the measure is constructed based on all observations
which are above or below the median value of Tobin’s Q in a given market and year.
All values are expressed in real terms and converted to U.S. dollars. All variables are
defined as in Table A1. The table reports point estimates. Standard errors, clustered
at the year level, are given in parentheses. *, ** and *** indicate statistical significance
at the 10%, 5% and 1% level, respectively.

(11) (12) (13) (14) (15)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

Panel A: firm size
HFT × large -0.865∗∗∗ -1.674∗∗∗ -2.230∗∗∗ -2.461∗∗∗ -2.663∗∗∗

(0.233) (0.412) (0.645) (0.657) (0.698)
HFT × small -0.422 -0.999∗ -0.842 -1.790∗∗ -1.974∗

(0.435) (0.504) (0.733) (0.774) (1.023)
Difference -0.411 -0.731 -1.321∗ -0.872 -0.706

(0.358) (0.554) (0.738) (1.126) (0.787)

Panel B: firm age
HFT × old -0.510∗ -1.309∗∗∗ -1.383∗∗∗ -1.216∗∗ -1.311

(0.251) (0.373) (0.471) (0.542) (0.899)
HFT × young -0.518 -1.127∗∗ -1.676∗∗ -2.650∗∗∗ -2.969∗∗∗

(0.405) (0.403) (0.587) (0.467) (0.755)
Difference 0.063 -0.229 0.420 1.570∗∗∗ 1.915∗∗

(0.425) (0.466) (0.401) (0.498) (0.908)

Panel C: Tobin’s Q
HFT × high Q -0.865∗∗∗ -1.673∗∗∗ -2.229∗∗∗ -2.459∗∗∗ -2.661∗∗∗

(0.233) (0.412) (0.645) (0.658) (0.698)
HFT × low Q -0.422 -1.000∗ -0.843 -1.792∗∗ -1.976∗

(0.435) (0.504) (0.733) (0.774) (1.023)
Difference -0.410 -0.729 -1.318∗ -0.868 -0.702

(0.358) (0.554) (0.739) (1.127) (0.787)
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Table 8: Idiosyncratic volatility

This table shows the results of a regression of idiosyncratic volatility and the bid-ask
spread (both multiplied by 100) on the dummy variable HFT, a set of firm and market-
varying control variables, year fixed effects and firm fixed effects. All unscaled values
are converted to U.S. dollars. All variables are defined as in Table A1. The table reports
point estimates. Standard errors, clustered at the firm level, are given in parentheses.
*, ** and *** indicate statistical significance at the 10%, 5% and 1% level, respectively.

(1) (2) (3) (4)
Dep. var.: Ivol Ivol Ivol Spread

HFT -0.289∗∗∗ -0.578∗∗∗ -0.234∗∗∗ -0.163∗∗∗

(0.013) (0.017) (0.018) (0.026)

Log price -0.201∗∗∗ -0.271∗∗∗ -0.345∗∗∗

(0.006) (0.012) (0.018)

Log market cap -0.350∗∗∗ -0.212∗∗∗ -0.330∗∗∗

(0.005) (0.012) (0.017)

Leverage 0.159∗∗∗ 0.175∗∗∗ 0.013
(0.044) (0.052) (0.067)

Tobin’s Q 0.295∗∗∗ 0.170∗∗∗ 0.098∗∗∗

(0.005) (0.005) (0.006)

Log GDP 0.454∗∗∗ 0.189∗∗∗ -0.227∗∗∗

(0.011) (0.048) (0.065)

GDP growth -0.007∗∗∗ -0.030∗∗∗ -0.026∗∗∗

(0.002) (0.002) (0.002)

Inflation 0.144∗∗∗ -0.026∗∗∗ -0.008
(0.004) (0.004) (0.005)

Log trade -0.486∗∗∗ -0.272∗∗∗ -0.398∗∗∗

(0.014) (0.065) (0.093)

Year FE no yes yes yes
Firm FE no no yes yes
Adjusted R2 0.008 0.451 0.739 0.670
Obs 157,469 157,469 157,469 157,469
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Table 9: Holdings and trades by institutional investors

This table shows the results of a regression of active weight and active trade on the
on the dummy variable HFT, a set of firm and market-varying control variables, year
fixed effects and firm fixed effects. All unscaled values are converted to U.S. dollars.
All variables are defined as in Table A1. The table reports point estimates. Standard
errors, clustered at the firm level, are given in parentheses. *, ** and *** indicate
statistical significance at the 10%, 5% and 1% level, respectively.

(1) (2) (3) (4)
Dep. var.: Active weight Active trade Active weight Active trade

HFT -0.060∗∗∗ -0.039∗∗∗ -0.039∗ -0.027∗∗∗

(0.018) (0.008) (0.019) (0.007)

Electronic 0.047∗∗∗ 0.003
(0.015) (0.007)

Log market size 0.031∗∗∗ 0.018∗∗∗

(0.008) (0.004)

Year FE yes yes yes yes
Exchange FE yes yes yes yes
Adjusted R2 0.488 0.465 0.526 0.524
Obs 287 269 287 269
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Appendix

Table A1: Definition of variables

This table defines the variables used in this paper.

Variable Definition

Informativeness measures
PriceinfoCF The coefficient of the natural logarithm of the market

value of equity scaled by the book value of assets when
regressing EBITDA in the future one to five years scaled
by total assets on contemporaneous EBITDA scaled by
assets on the natural logarithm of market value of eq-
uity and an industry dummy variable, multiplied by the
standard deviation of the natural logarithm of the mar-
ket value of equity scaled by the book value of total
assets.

PriceinfoI The coefficient of the natural logarithm of the market
value of equity scaled by the book value of assets when
regressing capital expenditures in the future one to five
years scaled by total assets on contemporaneous capi-
tal expenditures scaled by total assets, contemporane-
ous EBITDA scaled by assets on the natural logarithm
of market value of equity and an industry dummy vari-
able, multiplied by the standard deviation of the natural
logarithm of the market value of equity scaled by the
book value of total assets.

Idiosyncratic volatility The standard deviation of the residual from a regression
of daily excess returns on the Fama-French three fac-
tor model, based on the daily excess returns of the 12
months in the past fiscal year.

Active weight Exchange-year specific deviation of actual holdings by
mutual funds from those implied by the relative market
capitalization of the firms, as specified in Equation 4.

Active trade Exchange-year specific active changes in positions held
by mutual funds, as specified in Equation 5.
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Definition of variables (continued)

Variable Definition

HFT measures
HFT (trade size) This dummy variable is set to 1 if HFT is assumed to

have started on this market according to a pronounced
decrease in trade size, and to 0 otherwise (see Aitken
et al. (2015)).

HFT (order cancellation) This dummy variable is set to 1 if HFT is assumed to
have started on this market according to a pronounced
increase in order-to-trade cancellation ratios, and to 0
otherwise (see Aitken et al. (2015)).

HFT This dummy variable is set to 1 if HFT is assumed to
have started on the given market either according to the
order-to-trade cancellation ratio or according to trade
size, and to 0 otherwise.

Coloation This dummy variable is set to 1 if the market has
launched colocation offerings, and to 0 otherwise (see
Aitken et al. (2015)).

Firm characteristics
Market capitalization
(USD million)

Share price at the end of December of the given fiscal
year multiplied by the number of shares outstanding.

Total assets (USD mil-
lion)

Book value of total assets.

Tobin’s Q The market value of total assets (computed as the mar-
ket value of equity plus total assets minus the book value
of equity) scaled by the book value of total assets.

Cash/assets Cash and cash equivalents divided by total assets.
Long-term debt/assets Long-term debt scaled by total assets.
EBITDA/assets EBITDA scaled by total assets.
Capex/assets Capital expenditures scaled by total assets.
R&D/assets Research and development expenditures scaled by total

assets.
Firm age The number of years since the firm has been first covered

by Compustat.
Spread Annual average of the bid-ask spread measured in per-

cent of the stock price.
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Definition of variables (continued)

Variable Definition

Exchange-level factors
Log GDP The country’s gross domestic product from the World

Bank’s World Development Indicators (WDI).
GDP growth Annual growth of the country’s gross domestic product.
Inflation CPI inflation from WDI.
Log trade The natural logarithm of the value of exports plus im-

ports scaled by the gross domestic product from WDI.
ETF volume Average monthly trading volume of the market’s main

exchange traded fund based on trading volume given by
Datastream.

Crisis This dummy variable is set to 1 if the annual return over
the main stock market index of this market is less than
minus 5%, and to 0 otherwise.

Electronic This dummy variable is set 1 if the given market has
switched to electronic trading, and to 0 otherwise (see
Gorham and Singh (2009)).
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Robustness

We randomize HFT start dates between 2003 and 2009, the actual first and last start

date in our sample, to derive the distribution of the estimates under the null hypothesis.

To do so, we randomly assign the HFT start dates and repeat the regressions shown

in Panels A and B of Table 3 1,000 times. Panels A and B of Table A2 show that the

estimated coefficients based on randomized start dates are typically close to zero. Only

the bottom 1% yield estimates that are economically similar to the estimates based on

the observed HFT start dates.

We recognize that there is substantial heterogeneity in the number of firms traded on

the different exchanges. This condition might imply different degrees of precision with

which we measure price informativeness. We employ weighted regressions, where we use

the number of observations used to estimate price informativeness for a given exchange-

year as the weight, to potentially improve the precision of our results. The findings in

Panels A and B of Table A3 show that the coefficient estimates are quantitatively very

close to our baseline regression results in Table 3.
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Table A2: Random start dates

This table shows the distribution of the estimated coefficients of 1,000 random HFT
start dates between 2003 and 2009 based on the regressions shown in Panel A and B of
Table 3.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5)
Estimate of beta k=1 k=2 k=3 k=4 k=5

Mean 0.012 0.017 0.023 0.025 0.024
S.D. 0.315 0.436 0.601 0.714 0.807
1st percentile -0.681 -0.954 -1.365 -1.474 -1.771
5th percentile -0.517 -0.703 -0.925 -1.115 -1.236
25th percentile -0.192 -0.275 -0.374 -0.467 -1.236
Median 0.010 0.002 0.000 -0.023 0.006
75th percentile 0.218 0.328 0.434 0.530 0.603
95th percentile 0.535 0.729 1.036 1.242 1.343
99th percentile 0.721 1.044 1.479 1.736 1.842

Panel B: price informativeness about investment

(1) (2) (3) (4) (5)
Estimate of beta k=1 k=2 k=3 k=4 k=5

Mean 0.006 0.009 0.015 0.015 0.000
S.D. 0.205 0.379 0.524 0.603 0.647
1st percentile -0.440 -0.858 -1.192 -1.375 -1.515
5th percentile -0.318 -0.607 -0.821 -0.930 -1.045
25th percentile -0.140 -0.249 -0.343 -0.404 -1.045
Median 0.001 0.013 0.003 0.001 -0.003
75th percentile 0.151 0.264 0.383 0.434 0.436
95th percentile 0.348 0.647 0.877 1.024 1.046
99th percentile 0.468 0.885 1.199 1.400 1.491
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Table A3: Weighted regressions

This table shows the results of a weighted regression of PriceinfoCF (Panel A) and
PriceinfoI (Panel B) of horizon k on the dummy variable HFT, a set of control variables
and year and stock exchange fixed effects, where the exchange-year observations are
weighted according to the number of firm observations in the given exchange-year that
are used to estimate the price informativeness measures. All values are expressed in
real terms and converted to U.S. dollars. All variables are defined as in Table A1. The
table reports point estimates. Standard errors, clustered at the year level, are given
in parentheses. *, ** and *** indicate statistical significance at the 10%, 5% and 1%
level, respectively.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.360 -1.027∗∗∗ -1.384∗∗∗ -1.841∗∗∗ -2.173∗∗∗

(0.280) (0.331) (0.480) (0.399) (0.565)

Electronic 0.429 1.105∗∗∗ 0.907∗ -0.029 0.267
(0.264) (0.345) (0.441) (0.442) (0.599)

Log market size -0.181 -0.375∗∗ -0.560∗∗ -0.575∗∗ -0.532∗

(0.115) (0.169) (0.228) (0.241) (0.257)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.322 0.493 0.451 0.443 0.384
Obs 330 325 324 322 304

Panel B: price informativeness about investment

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.294∗∗ -0.704∗∗∗ -0.895∗∗∗ -1.091∗∗∗ -1.453∗∗∗

(0.105) (0.195) (0.292) (0.306) (0.319)

Electronic -0.172 0.115 0.295 0.505 0.644
(0.188) (0.378) (0.369) (0.415) (0.549)

Log market size 0.201∗ 0.235 0.236 0.381∗∗ 0.255
(0.103) (0.150) (0.137) (0.162) (0.262)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.567 0.565 0.476 0.433 0.459
Obs 326 321 320 319 301
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Alternative HFT Start Dates

We investigate the sensitivity of the results with respect to alternative approaches to

identify the entry of HFT in these markets. Table A4 shows the regression results

when our estimated HFT start dates are determined based on trade size. These results

are very similar to the main findings shown in Table 3, with the coefficients being

slightly smaller for the predictability of cash flows. Next, we use an increase in order

cancellation rates as an alternative indicator. Panel A of Table A5 shows that the results

are similar under this alternative definition. The number of observations decreases to

256 in column 1, because the order cancellation-based start dates are not available for

all 13 markets with HFT participation. For cash flow predictability, the coefficients are

greater in terms of economic magnitude for all horizons. The analysis of investment

predictability in Panel B shows that the coefficient estimates are slightly smaller, but

close to the estimates in Panel B of Table 3.

Next, we investigate the launch of colocation offerings based on Aitken et al. (2015)

as a further alternative. The coefficient of the dummy variable Colocation in the first

five columns of Panel A Table A6 is negative for all five horizons. The economic

magnitude for horizon 1 (40% of one standard deviation) is larger as compared to the

baseline case in Panel A of Table 3 (23% of one standard deviation), but substantially

smaller for horizons 2 and 5. When controlling both for the trade size-based HFT start

date and colocation, the coefficient of colocation is mostly negative and statistically

significant at the 10% level, but fails to be statistically significant at conventional levels

for all horizons but the first. The economic significance of the coefficient estimate of

HFT in columns 6 to 10 differ only slightly when compared to the baseline case in Table
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3. These findings suggest that there is a small additional detrimental effect on price

informativeness after colocation starts.

Using PriceinfoI as the outcome, the coefficient of Colocation is positive in all hori-

zons but horizon 5. For horizon 1 the coefficient is even statistically significant at the

5% level, suggesting that PriceinfoI increases with the start of colocation. For horizon

5, the coefficient is negative and statistically significant at the 10% level. When con-

trolling for both the HFT dummy and the Colocation dummy variable, the coefficient

is positive for all horizons but horizon 5. The economic magnitude of the coefficient

estimate of HFT is again almost the same as in our baseline case. Taken together, these

results suggest that the decline in informativeness coincides with the estimated start

dates based on increases in order cancellation and drops in trade size.12

12We note that the colocation offering dates in Aitken et al. (2015) differ from the ones given in
Boehmer et al. (2018). The results in Table A6 are similar when we use the colocation dates indicated
in the latter study.
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Table A4: Start dates based on trade size

This table shows the results of a regression of price informativeness about cash flows
(Panel A) and about investment (Panel B) for horizon k on the dummy variable HFT
based on pronounced drops in trade sizes, a set of control variables and year and stock
exchange fixed effects. All values are expressed in real terms and converted to U.S.
dollars. All variables are defined as in Table A1. The table reports point estimates.
Standard errors, clustered at the year level, are given in parentheses. *, ** and ***
indicate statistical significance at the 10%, 5% and 1% level, respectively.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.352 -0.936∗∗ -1.252∗∗ -1.782∗∗∗ -2.086∗∗∗

(0.311) (0.385) (0.570) (0.459) (0.631)

Electronic 0.475 1.167∗∗∗ 0.950∗ -0.239 -0.080
(0.306) (0.383) (0.529) (0.517) (0.728)

Log market size -0.154 -0.336∗∗ -0.533∗∗ -0.559∗∗ -0.510∗∗

(0.121) (0.158) (0.237) (0.245) (0.235)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.273 0.453 0.402 0.407 0.334
Obs 330 325 324 322 304

Panel B: price informativeness about investment

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.332∗∗ -0.816∗∗∗ -0.948∗∗∗ -1.181∗∗ -1.545∗∗∗

(0.128) (0.210) (0.317) (0.426) (0.399)

Electronic -0.221 0.522 0.228 0.353 0.473
(0.258) (0.575) (0.554) (0.668) (0.757)

Log market size 0.215∗ 0.170 0.202 0.293 0.148
(0.112) (0.163) (0.131) (0.183) (0.278)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.494 0.528 0.411 0.338 0.382
Obs 326 321 320 319 301
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Table A5: Start dates based on order cancellation

This table shows the results of a regression of the predictability of cash flows (Panel A)
and of the predictability of investment (Panel B) of horizon k on the dummy variable
HFT based on order cancellation rates, a set of control variables and year and stock
exchange fixed effects. All values are expressed in real terms and converted to U.S.
dollars. All variables are defined as in Table A1. The table reports point estimates.
Standard errors, clustered at the year level, are given in parentheses. *, ** and ***
indicate statistical significance at the 10%, 5% and 1% level, respectively.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

HFT (order cancellation) -0.448 -1.055∗∗∗ -1.409∗∗ -2.275∗∗∗ -3.080∗∗∗

(0.302) (0.362) (0.532) (0.443) (0.659)

Electronic 0.469 0.894∗ 0.318 -0.756 -0.270
(0.303) (0.461) (0.654) (0.660) (0.938)

Log market size -0.132 -0.312∗ -0.465∗ -0.550∗∗ -0.652∗∗

(0.134) (0.160) (0.244) (0.257) (0.275)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.397 0.508 0.452 0.470 0.402
Obs 256 253 252 251 238

Panel B: price informativeness about investment

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

HFT (order cancellation) -0.231 -0.617∗∗ -0.780∗∗ -1.109∗∗ -1.431∗∗∗

(0.136) (0.229) (0.358) (0.396) (0.420)

Electronic -0.185 0.943 0.386 0.868 0.880
(0.342) (0.725) (0.758) (0.725) (0.796)

Log market size 0.201 0.134 0.245 0.412∗∗ 0.272
(0.121) (0.197) (0.148) (0.194) (0.317)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.503 0.547 0.452 0.429 0.479
Obs 253 250 249 248 235
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Table A6: Start dates based on colocation

This table shows the results of a regression of the predictability of cash flows (Panel A) and of the predictability of investment (Panel
B) of horizon k on the dummy variable HFT based on colocation offerings, a set of control variables and year and stock exchange
fixed effects. All values are expressed in real terms and converted to U.S. dollars. All variables are defined as in Table A1. The
table reports point estimates. Standard errors, clustered at the year level, are given in parentheses. *, ** and *** indicate statistical
significance at the 10%, 5% and 1% level, respectively.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5 k = 1 k= 2 k = 3 k = 4 k = 5

Colocation -0.605∗∗ -0.370 -0.448 -0.479 -1.167∗∗ -0.537∗ -0.054 -0.016 0.114 -0.557
(0.278) (0.271) (0.347) (0.358) (0.413) (0.304) (0.278) (0.328) (0.370) (0.427)

HFT -0.222 -1.021∗∗ -1.391∗∗ -1.920∗∗∗ -2.111∗∗∗

(0.319) (0.361) (0.561) (0.476) (0.610)

Electronic 0.552 1.215∗∗∗ 1.003∗ -0.213 0.025 0.548∗ 1.186∗∗∗ 0.967∗ -0.236 0.014
(0.321) (0.396) (0.576) (0.566) (0.796) (0.316) (0.381) (0.535) (0.530) (0.737)

Log market size -0.143 -0.228 -0.385∗ -0.340 -0.273 -0.168 -0.350∗∗ -0.551∗∗ -0.568∗∗ -0.545∗∗

(0.106) (0.139) (0.214) (0.199) (0.164) (0.120) (0.156) (0.240) (0.242) (0.232)

Year FE yes yes yes yes yes yes yes yes yes yes
Exchange FE yes yes yes yes yes yes yes yes yes yes
Adjusted R2 0.278 0.440 0.386 0.378 0.309 0.277 0.454 0.404 0.409 0.338
Obs 330 325 324 322 304 330 325 324.000 322 304
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Panel B: price informativeness about investment

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5 k = 1 k= 2 k = 3 k = 4 k = 5

Colocation 0.275∗∗ 0.038 0.084 0.028 -0.727∗ 0.386∗∗∗ 0.287 0.381 0.402 -0.327
(0.123) (0.251) (0.277) (0.365) (0.362) (0.130) (0.284) (0.317) (0.441) (0.420)

HFT -0.366∗∗∗ -0.820∗∗∗ -0.975∗∗∗ -1.235∗∗∗ -1.412∗∗∗

(0.109) (0.201) (0.310) (0.426) (0.380)

Electronic -0.272 0.492 0.185 0.299 0.509 -0.275 0.479 0.173 0.295 0.512
(0.256) (0.609) (0.542) (0.686) (0.763) (0.258) (0.605) (0.559) (0.692) (0.777)

Log market size 0.272∗∗ 0.285∗ 0.339∗∗ 0.457∗∗∗ 0.328 0.233∗∗ 0.190 0.225 0.315 0.150
(0.109) (0.163) (0.124) (0.147) (0.244) (0.111) (0.170) (0.140) (0.187) (0.282)

Year FE yes yes yes yes yes yes yes yes yes yes
Exchange FE yes yes yes yes yes yes yes yes yes yes
Adjusted R2 0.491 0.514 0.394 0.318 0.358 0.498 0.526 0.410 0.337 0.379
Obs 326 321 320 319 301 326 321 320 319 301
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Further Potentially Confounding Factors

In this section, we investigate further potentially confounding factors: differential ex-

posures to crises, and the switch to electronic trading.

If price informativeness decreased in times of market crisis and the latter were cor-

related with the staggered start of HFT, the observed effect might be falsely attributed

to HFT. To address this concern, we calculate yearly market returns based on the main

national index of the given market and use those returns to create the dummy variable

crisis which is set to 1 if the yearly observation is in the bottom quintile in terms

of annual market return for the given exchange and the market return is lower than

−5%13. We find that there is no significant correlation between market returns and the

start of HFT. The correlation between HFT and market returns is -0.025; that between

the HFT dummy and the crisis dummy is -0.04 and statistically indistinguishable from

zero.

We re-run our main analysis where we exclude observations in which the crisis

dummy variable is equal to 1 (Table A7, Panel A for cash flow and Panel B for in-

vestment predictability) and find similar results.14 In Panels C and D, we interact the

dummy variables crisis and HFT to investigate how HFT affects price informativeness

in crisis versus normal times. The lack of statistical significance of the interaction terms

except for the predictability of investment at horizons 3, and, more importantly, the

retained significance of the coefficient estimate of the HFT dummy variable, reject the

13The results are not sensitive to the selection of this benchmark. We find very similar results when
we use a benchmark of −10%, or −15%, or a benchmark of the return being in the bottom quintile
for the given exchange, or the overall sample.

14We additionally run regressions where we exclude the years immediately before and after a financial
crisis. The results show that the coefficient of the HFT dummy variable does not change substantially.
If anything, the magnitude of the coefficient increases. The results are also comparable when we
exclude observations from the financial crisis period between 2007 and 2009.
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concern that our results can be explained by differential exposure to financial crises.

The introduction of electronic trading platforms is an alternative type of staggered

event that affects financial markets and may have occurred in a similar sequencing.

There is a substantial gap between the transition to electronic markets and the start of

HFT. While the former happened mostly during the 1990s, the latter mainly occurred

during the last decade. One might be concerned that the dummy variable Electronic

explains the drop in the dependent variable, but if the two variables are highly cor-

related, this effect could be falsely attributed to HFT. The two dummy variables are

in fact correlated: The raw correlation between Electronic and HFT is relatively large

with a value of 0.38 and statistically significant at the 1% level. We choose to include

the dummy Electronic as a control variable in our main analyses to assure that our

results for HFT are not driven by Electronic. Here, we directly investigate the effect of

Electronic on price informativeness. We exclude observations for which HFT = 1 and

begin our sample period in 1990 because the introduction of electronic trading gener-

ally occurred several years before the start of HFT participation. Table A8 shows the

results. In Panel A, the coefficient is even positive, and statistically significant at the

shorter horizons. In Panel B, the coefficient estimate of Electronic is insignificant and

its sign varies. Based on these results, we can reject the objection that we misattribute

a potential impact of Electronic to the introduction of HFT.
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Table A7: Controlling for financial crisis

This table shows the results of the predictability of cash flows and investment of horizon
k on the dummy variable HFT, a set of control variables and year and stock exchange
fixed effects. Panel A and B exclude all observations, for which the dummy variable
crisis is equal to one. Panel C and D include the interaction term between the dummy
variable HFT and the crisis indicator. All values are expressed in real terms and
converted to U.S. dollars. All variables are defined as in Table A1. The table reports
point estimates. Standard errors, clustered at the year level, are given in parentheses.
*, ** and *** indicate statistical significance at the 10%, 5% and 1% level, respectively.

Panel A: price informativeness about cash flows excluding crisis years

(1) (2) (3) (4) (5)
Dep. var.: CF predict. k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.312 -1.089∗∗ -1.342∗∗ -1.972∗∗∗ -2.321∗∗∗

(0.363) (0.404) (0.626) (0.475) (0.769)

Electronic 0.534 1.209∗∗∗ 1.072 -0.165 0.058
(0.344) (0.410) (0.636) (0.571) (0.981)

Log market size -0.122 -0.376 -0.690∗ -0.717∗ -0.527
(0.201) (0.237) (0.367) (0.380) (0.361)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.262 0.437 0.400 0.416 0.321
Obs 275 271 269 268 251

Panel B: price informativeness about investment excluding crisis years

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.329∗∗ -0.823∗∗∗ -1.242∗∗∗ -1.380∗∗∗ -1.819∗∗∗

(0.147) (0.202) (0.400) (0.480) (0.469)

Electronic -0.375 0.500 0.209 0.146 0.652
(0.309) (0.695) (0.646) (0.827) (0.979)

Log market size 0.332∗∗∗ 0.440∗∗ 0.334 0.387 0.077
(0.099) (0.158) (0.246) (0.303) (0.344)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.486 0.525 0.426 0.343 0.351
Obs 261 257 255 255 238
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Table A7: Controlling for financial crisis (continued)

Panel C: price informativeness about cash flows

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.453 -1.108∗∗ -1.341∗∗ -1.926∗∗∗ -2.173∗∗∗

(0.326) (0.388) (0.598) (0.451) (0.640)

Crisis -0.271∗ -0.295 -0.075 -0.234 -0.104
(0.134) (0.215) (0.268) (0.425) (0.330)

HFT × crisis 0.638 0.400 -0.395 0.137 -0.311
(0.493) (0.356) (0.480) (0.385) (0.560)

Electronic 0.482 1.173∗∗∗ 0.949∗ -0.232 -0.073
(0.306) (0.379) (0.536) (0.509) (0.740)

Log market size -0.164 -0.368∗∗ -0.563∗∗ -0.590∗∗ -0.546∗∗

(0.119) (0.155) (0.251) (0.256) (0.258)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.274 0.454 0.403 0.407 0.334
Obs 330 325 324 322 304

Panel D: price informativeness about investment

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

HFT -0.264∗∗ -0.777∗∗∗ -0.920∗∗ -1.136∗∗ -1.519∗∗∗

(0.119) (0.214) (0.325) (0.416) (0.373)

Crisis -0.078 -0.274 -0.292 -0.340 -0.041
(0.126) (0.213) (0.293) (0.474) (0.337)

HFT × crisis -0.109 0.072 0.131 -0.152 0.265
(0.141) (0.142) (0.328) (0.667) (0.546)

Electronic -0.232 0.505 0.214 0.324 0.474
(0.257) (0.586) (0.548) (0.666) (0.757)

Log market size 0.215∗ 0.156 0.186 0.267 0.159
(0.117) (0.182) (0.146) (0.216) (0.303)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.490 0.525 0.408 0.335 0.376
Obs 326 321 320 319 301
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Table A8: Price informativeness and electronic trading

This table shows the results of a regression of the predictability of cash flows (Panel A)
and of the predictability of investment (Panel B) of horizon k on the dummy variable
Electronic, a set of control variables and year and stock exchange fixed effects for the
period from 1990 to 2012. Market-year observations, in which the dummy variable HFT
is equal to 1, are excluded. All values are expressed in real terms and converted to U.S.
dollars. All variables are defined as in Table A1. The table reports point estimates.
Standard errors, clustered at the year level, are given in parentheses. *, ** and ***
indicate statistical significance at the 10%, 5% and 1% level, respectively.

Panel A: price informativeness about cash flows

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoCF k = 1 k= 2 k = 3 k = 4 k = 5

Electronic 0.628∗∗ 1.224∗∗∗ 1.048∗ 0.376 0.193
(0.287) (0.393) (0.593) (0.449) (0.822)

Log market size -0.094 -0.262 -0.627∗∗ -0.531∗ -0.598∗∗

(0.140) (0.157) (0.297) (0.274) (0.224)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.187 0.333 0.278 0.378 0.319
Obs 255 250 249 246 240

Panel B: price informativeness about investment

(1) (2) (3) (4) (5)
Dep. var.: PriceinfoI k = 1 k= 2 k = 3 k = 4 k = 5

Electronic -0.241 1.078 0.898 0.912 1.039
(0.365) (0.666) (0.637) (0.852) (1.008)

Log market size 0.194 0.019 -0.105 -0.075 -0.234
(0.144) (0.211) (0.181) (0.218) (0.284)

Year FE yes yes yes yes yes
Exchange FE yes yes yes yes yes
Adjusted R2 0.325 0.456 0.381 0.328 0.407
Obs 241 236 234 233 228
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