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Abstract

This paper provides an integrated overview of the e�ects of the imple-

mentation of the SEC's Tick Pilot program on liquidity and competition

in U.S. markets, separated into three groups by tick size. We con�rm the

standard e�ects of tick size changes on quoted spreads, realized spreads, and

depth, as well as the role of the size of the quoted spread prior to the change

in tick size. We add that the increase in the tick size leads to a signi�cant

reduction in the frequency and magnitude of price changes, primarily driven

by a reduction in the frequency of aggressive limit orders. The major e�ect

of the tick size is to alter competition by driving trading volume to inverted

fee and o�-exchange venues. We �nd that traders prefer a larger price im-

provement rather than lower latency for the smallest tick stocks while the

reverse is true for largest tick stocks. Overall, the e�ect of the tick change

has an insigni�cant e�ect on volume except for stocks with the smallest tick

sizes subject to the trade-at rule, who see a substantial drop in volume.

Keywords: Market Quality, Tick Size, Heterogeneity, Colocation, Tick Pilot,

Latency.

JEL codes: G10, G14, G18
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1 Introduction

Modelling market dynamics is a delicate balancing act between capturing the

phenomenon one wants to study while at the same time eliminating complicating

e�ects that do not provide much insight. The object of this paper is to take advan-

tage of a natural experiment created by the SEC in US equity markets to provide

some guidance on what are the relevant phenomena for modelers of asset markets

in the context of pricing on a discrete grid. We quantify empirically the key de-

terminants of observed behavior in asset markets, and identify circumstances in

which these factors are more or less determinant.

The natural experiment we consider is the Tick Size Pilot Program (10/2016-

10/2018). The plan was to increase the minimum tick size from the usual one

cent to �ve cents for 1200 securities, the treated stocks. Another 1200 securities

would be selected as controls.1 The treated were assigned to one of three di�erent

treatments: the Quote, the Trade, and the Trade-at treatment. For the stocks in

the Quote treatment, prices had to be quoted on a 5 cent grid. For those in the

Trade treatment, prices had to be quoted on a 5 cent grid and transactions had to

take place on that same grid (or at the midprice). Finally, stocks in the Trade-at

treatment were subject to the same constraints as those in the Trade group, and

they also were subject to a trade-at constraint, whereby (protected) quotes at the

bid and ask in o�cial (lit) exchanges have price priority (over those in dark pools).

Hence, trades outside o�cial exchanges could only take place if the improved on

the National Best Bid and O�er (NBBO).2 The signi�cant change in the tick size

together with the variation in regulation changes across the three groups allows us

to study the e�ect of pricing on a discrete grid and competition across exchanges

in the highly fragmented US equity markets landscape and under experimental

conditions.

1The objective of the Pilot was to study the e�ect of the tick size on small and infrequently
traded assets. Accordingly, stocks were selected for companies that had: a market capitalization
of less than $3 billion, a consolidated average daily volume of one million shares or less, and a
price greater than $2.

2Further details are available on the Tick Pilot webpage at the SEC: https://www.sec.gov/
ticksizepilot.
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We �nd con�rmation of the key insights in the literature on pricing on a dis-

crete grid: quoted spreads, as well as execution costs (e�ective spreads) increase,

the queues at the best prices increase, and market making revenues (measured

as realized spreads) increase. The Pilot allows us to measure the e�ects across

stocks. We separate treated (and control) stocks into three subgroups according

to their quoted spreads prior to the Pilot. We �nd that the e�ect on spreads,

queue length, and realized spreads is primarily concentrated in those stocks with

a quoted spread below 5 cents before the implementation of the Pilot (the tick

constrained group, QS1). However those with a quoted spread between 5 and 10

cents (the limited price improvement group, QS2) were also signi�cantly a�ected,

though to a lesser extent, while those with a quoted spread higher than 10 cents

were only slightly a�ected, if at all.

According to microstructure theory (? and many others, see the survey ?),

the frictions imposed by the coarser price grid would be compensated by greater

liquidity and price stability. We �nd that liquidity increases in terms of the

availability of resting orders in the limit order book (depth), prices are more

stable (change less often and less in dollar value), they are more informative and

overall volatility remains una�ected. The net e�ect is primarily neutral, and we

observe small but insigni�cant drops in total volume.

However, we observe signi�cant changes in the way and the venues in which

trading takes place. In particular, the coarser price grid increases the importance

of queue management and order routing. The increased cost of making a price

improvement on the coarser grid leads market-makers to reduce the frequency

of price improvements on lit exchanges, and increase their routing of orders to

inverted fee venues, where they can o�er a subtick price improvement (net of fees).

With the increase in routing and improved prices on these venues, volume also

increases.3 Other traders increase the orders they route o�-exchange, to Electronic

3Inverted fee venues are exchanges where traders that take liquidity (via market orders or
marketable limit orders) receive a fee rebate, while traders that have posted the passive limit
orders on the other side of the trade pay a positive fee. In regular venues the fee structure is
the opposite: passive limit orders receive a rebate and aggressive orders pay a fee. See ?, ?, ?,
? or ?, among others.
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Communication Networks (ECNs) and other dark pools, increasing volume at

those venues, as well as order execution at the midprice. For stocks with increased

importance of queue management we observe traders prioritizing improved latency

(via colocated trading) over price competition (via greater subtick improvements).

The introduction of the Trade-at rule adds greater clarity to the analysis, as it

forces price competition via bid-ask o�ers onto lit exchanges. This reduces order

routing to dark venues and increases it to lit exchanges, thereby helping to isolate

changes in liquidity competition. However, the additional friction it imposes has

signi�cant e�ects of volume, specially for the assets that are least a�ected by the

increase in the price grid (those in the QS3 group).

In the following sections we cover the existing literature, both theoretical and

empirical, closest to our analysis. We also identify existing papers that have

addressed the e�ect of the Pilot on di�erent microstructure variables, and point

out where our results support existing research and where our results diverge. The

main contribution of this paper is to provide an integrated overview of the e�ects

of the Pilot on liquidity and competition in U.S. markets, and to identify the e�ect

on price stability, as well as the importance of latency between exchanges.

2 Theoretical Framework, Hypotheses, and Method-

ology

2.1 Aggregate E�ects

To interpret the results we observe, we �rst review basic concepts and some re-

cent developments. Pricing on electronic exchanges occurs on a �xed price grid,

which imposes several characteristics on the market. First, it imposes a minimum

distance between bid and ask prices, a minimum quoted spread. This generates a

minimum pro�t per round-trip trade obtained by participants providing liquidity

via non-executable limit orders (market-makers) and a cost on active participants

(aggressive price takers, referred to as liquidity takers).
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Second, it generates queues as limit orders accumulate on the bid and ask side

in the expectation of a future trade against an incoming order.4 We focus on the

time-price priority rule as this is the one implemented on the vast majority of

equity markets including the US ones we study. Thus, the queue is served on a

�rst-in �rst-out basis.

Third, it imposes a minimum price variation. Whenever the spread is greater

than one tick, a participant who wants to gain priority on the orders posted at the

best bid or best ask price, can do so by improving the current best price on one

side of the book by one tick. From these three basic characteristics, we obtain the

�rst hypothesis on the e�ect of increasing the tick size, with implications along

three market microstructure dimensions:

H1 An increase in the tick size will:

1. increase the quoted spread,

2. increase the quantity posted at the best prices (bid/ask),

3. lead to fewer price improvements.

These e�ects change the competitive conditions in the market. The early

theoretical literature focuses on models where market-makers compete to make

the spread that is paid by liquidity takers that want to trade quickly. The spread

is considered compensation for the costs of providing liquidity, both in terms of

participation costs, and inventory costs (?, ?). Thus, the literature focuses mostly

on what happens with the gains generated from a wider spread, or as ? put it, on

the �redistribution of the spoils�. In a single market, a wider tick has a number

of economic e�ects: one, it increases the cost of posting an aggressive market

order (or executable limit order) relative to posting a passive (non-executable)

limit order; two, a wider tick size increases the range of prices for which no

price improvement is possible; three, when the spread is su�ciently wide, the

wider tick size makes a price improvement over standing orders more costly. The

combination of these e�ects generates greater incentives to post passive orders,

4
?
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increases market-making activity, and reduces price competition. Simultaneously,

the increase in the tick size increases the importance of obtaining an advantageous

queue position. We expect this to lead to an increase in realized spreads, as well

as in overall depth and market resiliency. The increase in depth leads to lower

short-horizon price movements, sometimes referred to as microstructure noise, as

well as lower overall volatility. We summarize these predictions with the following

hypothesis:

H2 The increase in the tick size will:

1. increase realized spreads,

2. increase price resiliency and depth of the book at all price levels,

3. lower price volatility and reduce microstructure noise.

The e�ect of the tick size increase on traded volume is negative. In a standard

simple microeconomic demand and supply model, a coarsening of the discretiza-

tion will unambiguously lead to less quantity in equilibrium, as the discretization

will (weakly) impose a disequilibrium price with (demand) shortage (excess sup-

ply), see for example ?. In addition, an increase in the tick size makes market-

making more pro�table and increases liquidity. The increase in liquidity comes

from more market-makers, but also from patient liquidity-seeking traders that

�nd using non-executable limit orders more attractive than trading with aggres-

sive market orders. Both of these e�ects will reduce observed traded volume

(?). However, the increase in liquidity from increased market-making activity

and competition could create new pro�table trading opportunities, specially for

larger trades, if the increase in liquidity signi�cantly reduces the total execution

costs of larger trades, increasing market participation which could balance, and

even reverse, the initial drop in volume.

H3.a The increase in the tick size will reduce traded volume unless it

is accompanied by a signi�cant increase in market-making activity.
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Microstructure models go beyond simple demand and supply considerations

and incorporate heterogeneity in trading from asymmetrically informed agents.

These models take into account that in the process of providing liquidity market-

makers are exposed to better informed counter-parties. Thus, in equilibrium the

spread also has to cover the costs of the asymmetric information between market-

makers and liquidity takers. The basic demand theory predictions may fail if the

discretization changes the distribution of active traders asymmetrically, chang-

ing the relative weight of informed versus uninformed traders. For example, ?

use a discretized version of the ? model and �nd that the increase in the tick

size has a negative impact on the uninformed, worsening adverse selection and

market liquidity. Also, some authors argue that the increased depth and quoted

spread will generate more attention from analysts and greater incentives to ac-

quire information to trade (?), again increasing the asymmetric information faced

by market-makers but also the informativeness of prices. An alternative theory

is that the coarser grid will lead to lower investment in information which could

not only reduce the amount of asymmetric information but also, in the possible

case that it leads to a lower quoted spread, increase the amount of volume from

the uninformed, and hence increase trading.5 An increase in the proportion of in-

formed traders attracted by higher market-making incentives and liquidity would

increase price informativeness. This leaves us with the following hypothesis:

H3.b The increase in the tick size will increase price impact, price

informativeness, and price e�ciency.

In the discretized version of the ? model used by ?, the increase in the quoted

spread will have a negative impact on the uninformed. In the case of endogenous

information, the coarser grid will also lead to lower investment in information

which could not only reduce the amount of asymmetric information but also, in

the possible case that it leads to a lower quoted spread, reverse the e�ect on the

5These counterbalancing theories that rely on analyst interest and information acquisition
however are studied in ? who �nd no e�ect of the Pilot on analyst coverage.
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uninformed, and hence increase trading. Thus, although the expectation is that

the e�ect on volume be negative, a positive e�ect is not theoretically impossible.

However, modern trading conditions require much more than knowing what

is going on at the aggregate level. The change in regulation that came with the

implementation of RegNMS in 2005 is considered to be the tipping point of the

transformation in equity markets in the U.S. that has led to the current state of

a�airs. There are now 13 regular (lit) exchanges, and a myriad of other compet-

ing trading venues such as dark pools, ECNs, crossing networks, and alternative

trading venues where shares are traded with di�erent rules, fees, and regulatory

oversight. The presence of such a large and competitive set of venues implies that

competition is not limited to posting limit orders on a single limit order book,

and the implications of a signi�cant change in the tick size go beyond market

aggregates.

First, in any given venue, a trader has access to an extensive menu of order

types to choose from, including orders that are not visible to other market partici-

pants (which we will generically refer to as hidden orders). Second, the trader can

also choose amongst a list of trading venues with varying degrees of regulatory

oversight and transparency (multiple open exchanges, ECNs, dark pools, etc), as

well as with di�erent execution rules. We focus on three aspects: one, trades can

take place o�-exchange at sub-tick levels; two, di�erent venues o�er di�erent fees

and fee structures which a�ect the location of trading activity; and three, trading

has become highly automated and latency (the time it takes between sending an

order and it reaching the limit order book) plays a very important role.6 All three

relate to the use of alternative tools to seek out liquidity or compete to provide it

and their relative costs. Hidden orders and dark pools are two alternative liquid-

ity channels (and substitutes, see ?), while the change in the tick size will alter

the relative cost-bene�t of latency both in terms of designing trading strategies,

6There are a number of di�erent de�nitions of latency, but all revolve around time delays
during the execution of trading strategies. We are using a generic de�nition to capture this idea
broadly, but di�erent participants (supply side traders, market-makers, exchange managers, ...)
will use more speci�c de�nitions adapted to their experience. See ?.
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as well as executing that strategy across multiple venues.

We can appeal to di�erent strands of the literature to evaluate how the e�ect of

the Pilot is modulated by the additional complexity of current market structure.

Competition between regular (lit) markets and dark markets a�ects the distribu-

tion of trading volume and the weight of informed trading in lit markets. ? argues

that the presence of dark markets increases the proportion of informed trading

in lit markets, as they prefer lit markets where they can obtain faster execution.

This leads to a decrease in liquidity in the lit markets, but also an increase in

overall price informativeness. ? obtains the exact opposite conclusion, arguing

that informed traders prefer dark markets as in those markets they can exploit

their information advantage for longer. An increase in the tick size would increase

the relative cost of trading in the lit market, driving more liquidity traders to dark

pools and worsening market quality there even further, along the lines described

in ? for the creation of a midpoint dark pool. Both theories agree on the primary

e�ect; that is, to drive volume towards dark venues, but the theory leaves open

what we should observe in terms of the share of informed trading in lit markets.

Other papers look at the welfare e�ects of pre-trade opacity and hidden liquidity

and �nd that they bene�t welfare and �nd that they bene�t welfare by attracting

uninformed trades and increased competition (?, ?, and ?).

The next hypothesis summarizes the �rst e�ect:

H4 The increase in the tick size will increase the use of hidden orders

and of dark venues.

Other models look at competition between lit exchanges in terms of rebates,

and between di�erent rebate structures. Markets with an inverted fee structure

provide the opportunity for market-makers to compete at sub-tick price incre-

ments.7 An increase in the tick size will make this a more valuable tool, and we

expect it to give inverted fee venues an additional competitive advantage.

7See ?, ?, ?.
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H5 The increase in the tick size will increase the market share of

inverted fee venues.

An additional strand of the literature studies latency by incorporating hetero-

geneity between traders in terms of speed. Faster traders compete with slower

ones. Some models argue that faster speed allows for better liquidity (?) while

others argue that it provides an opportunity to extract rents (?) and imposes

an additional cost on liquidity providers (?, ?, ?). A coarsening of the price grid

reduces price competition and induces greater competition for queue position.8 ?

argue that faster traders have a relative advantage in this situation, and hence

large pro�ts. Greater pro�ts for faster traders implies that latency is a more

signi�cant pro�t driver, and therefore more important.9

H6 The increase in the tick size will increase the relative importance

of latency, leading to a prioritization of routing to colocated venues.

2.2 Treatment and Subgroup Heterogeneity

In addition to the above predictions we look at two additional dimensions in terms

of the heterogeneous e�ect of the Pilot. Because these e�ects will permeate the

impact of the Pilot we have described in Hypothesis H1-H6, we will refer to the

heterogeneity e�ects as Hypothesis HetA and HetB. Firstly, we are interested in

the magnitude of the e�ects, and we posit that the key variable that determines

the magnitude of the e�ect of the change in the tick size is the quoted spread

before the implementation of the tick size (?).

H.HetA The e�ect of the tick size will be largest for stocks with a

pre-Pilot quoted spread smaller than the new tick size. Those with a

tick size greater than 10 cents will see no or very small changes.

Second, treatment 3 (the Trade-at group), incorporates an additional restric-

tion that is unrelated to the tick size, namely it establishes priority for execution

8
?, ?.

9
?, ?, ?.
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at protected quotes. We expect that the main consequence of this rule is that

trading in dark venues that allow pairwise trading at prices other than the mid-

price (which we refer to as Bilateral Crossing Networks, BCN) becomes much

more di�cult, which will alter some of the predictions made on the e�ect of the

tick size. Furthermore, as ? �nd that BCNs are bene�cial to market quality we

expect the stocks in the Trade-at group to face worsened market quality: higher

spreads and lower informational e�ciency.

H.HetB The trade-at group will face higher restrictions in access to

dark venues and worsened market quality.

2.3 Methodology

In evaluating these hypothesis this paper joins a growing list of empirical studies

that seek to identify the causal e�ects of changing the tick size in general, and

from the Pilot in particular. Extant papers use di�erent methodologies that can

be divided into four groups. The �rst is the set of papers (? for example) that

use the Di�-in-Di� methodology we employ in the current study; that is, compare

the average mean changes in di�erences between matched treatment and control

assets. The appropriateness of this methodology depends on the quality of the

matching procedure. The second group, used recently to study the Tick Pilot pro-

gram, compares mean di�erences in di�erences (?) or applies panel data analysis

with dummy variables and control variables (?) to capture the Di�-in-Di� e�ects

(no matching).10 In the third group, papers such as ? exploit the di�erential

changes generated by the Pilot to study other aspects of microstructure. ? use

the di�erential e�ect of order �ow going to inverted and dark venues to construct

instrumental variables and run a two-stage least squares (IV- 2SLS) regression to

analyse the causal e�ect of having inverted fee venues. The fourth group com-

prises a number of papers, such as ?, that employ a Regression Discontinuity

10
? reports cross-sectional results estimated on mean di�erences between treatments and

controls correcting for the strati�ed nature of the sampling used by the SEC. They use data
over the period 7/11/2016-30/6/2017 and report results for the stocks for which the increased
tick is binding, our QS group 1.
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Design (RDD). This kind of methodology relies on interventions that select which

subjects go into the treatment and which into the control using a threshold value.

It is based on the premise that those subjects with values around the threshold are

su�ciently similar to identify the causal e�ect of the intervention. For the SEC

Pilot this fourth type of methodology is unnecessary as the SEC has implemented

a randomized experiment which allows us to �nd very similar assets in the control

group to match most of those in the treatment group.

In this paper we prefer to use a simple methodology: we exploit the richness

of the data to build very close matches for treated stocks, and compare the di�er-

ences in means between treatment and control stocks, before and after the change

in the tick size using t-tests. Because we match very closely the treatment and

controls, the controls act as counterfactuals for the treated stocks, and we can

study heterogeneous treatment e�ects across di�erent subgroups without making

assumptions about the interaction of the Pilot's e�ect with relevant control vari-

ables. Also, by focusing on local e�ects (two weeks before and after the treatment)

we avoid having to make any assumptions about the dynamics of the treatment

e�ect and its interaction with other relevant control variables that will change

over time.

3 Data

We obtain data from several sources (CRSP, Total-View-ITCH, MIDAS, and

TAQ) to construct variables that capture a number of dimensions of market qual-

ity: volume, volatility, spreads, depth, fragmentation, market activity, and price

e�ciency (de�ned in Appendix ??).

Company size is constructed using daily aggregate values as reported in CRSP.

Volume data disaggregated by asset and venue is obtained from the TAQ data.

We use MIDAS data to measure hidden volume. Other cross-sectional variables in

our analysis are daily averages of minute-by-minute intraday variables constructed

using both the TAQ and ITCH datasets, which are publicly available. The ITCH
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data is time-stamped to the nanosecond and contains every message to post, or

cancel a limit order, and messages that indicate the execution (partial or total)

of a displayed or non-displayed order.11

The selection of assets starts with those assigned to the di�erent Pilot groups

as listed by NASDAQ and NYSE in their public FTP sites.12 We exclude assets

for which there is missing CRSP, TAQ and/or ITCH information for any of the

trading days in our sample, as well as those with unjusti�ably large asset prices

and/or spreads.13 We also exclude from our analysis assets with very low prices

(those with a price below $2 at any point in our sample) as well as those with

extremely low liquidity (those with more than 12 trading days with zero NASDAQ

intraday volume between 10:00 and 15:30).14 The number of assets in the di�erent

groups is given in Table ??.15

3.1 A Natural Experiment: The SEC Tick Size Pilot Pro-

gram

The focus of our analysis is in the sample of assets selected by the SEC to par-

ticipate in the Pilot program. These assets are not a random sample of stocks

from the universe of all stocks. Rather, they belong to relatively small and less-

frequently class of traded assets.16 In particular, the main characteristics of the

11Although non-displayed resting limit orders are not visible in the data when they are sub-
mitted to the limit order book, one can see those that are executed against a marketable order.

12NASDAQ: ftp://ftp.nasdaqtrader.com/�les/ticksizePilot/Historical�les/ and NYSE:
ftp://ftp.nyxdata.com/Tick_Pilot/Tick_Pilot_Historical/.

13We look for assets with major corporate events (e.g., mergers) and those with intra-day
prices and/or spreads that are orders of magnitude di�erent from their in-sample medians.
There are only 7 assets of the latter kind: RDIB, HRMN, GPAC, LBTYB, WBKC, PACE,
DISCB.

14Assets with a price below $1 are subject to di�erent trading rules and when the price of an
asset in the treatment group falls below $1 the asset automatically is dropped from the treatment
group and is transferred to the control group. Those dropped are replaced by equivalent assets,
though, given the short horizon of our analysis, our sample is not a�ected by this.

15Finding an appropriate match reduces our sample from 1200 to 930 treated assets. The
merger of the sample with the MIDAS data leads to a loss of observations. In particular, in
Table ?? the Hidden (MIDAS) are calculated with 284 (G1), 270 (G2) and 272(G3) �rms for
each of the di�erent treatment groups.

16The JOBS act directed the SEC �to conduct a study of decimalization's impact on the
number of US IPOs, as well as liquidity for small and middle-capitalization companies and
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sample stocks correspond to companies that have: (i) $3 billion or less in market

capitalization; (ii) an average daily trading volume of one million shares or less

and; (iii) a volume-weighted average price of at least $2.00 for every trading day.

Assets are randomly selected to equally cover the 27 combinations of high-middle-

low terciles of the distribution along these three dimensions, as well as half being

NASDAQ and the other half being NYSE stocks. The sampling is applied equally

for both treated and control groups.

Furthermore, the SEC divides the sample stocks into four groups, the control

group, and three treatment groups. The implications of belonging to any one of

these four groups are:

• The control group: these assets are quoted and traded at their current tick

size increment of one cent. The total number of assets included in the control

group is 1200.

• Treatment group 1 (the Quote group): the Pilot securities assigned to the

�rst test group generally will be quoted in $0.05 increments, but will continue

to trade at their current price increment of $0.01. The original number of

assets included in the Quote group is 400. After matching 305 remain in

the sample.

• Treatment group 2 (the Trade group): the Pilot securities assigned to the

second test group generally will be quoted in $0.05 increments, subject to

limited exceptions. In addition, these securities also must trade in $0.05

minimum increments, subject to exceptions, including for executions at the

midpoint of the national best bid and o�er (NBBO), certain retail investor

executions and negotiated trades. The original number of assets included in

Trade group is 400. After matching 305 remain in the sample.

• Treatment group 3 (the Trade-at group): the Pilot securities assigned to the

third test group will adhere to both the quoting and trading requirements

the economic viability of brokers making markets in and otherwise supporting small- and mid-
capitalization issue�.
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of the second test group, but will also be subject to a trade-at requirement,

which generally prevents price matching by trading centers that are not

already displaying a quotation at that price, unless an exception applies,

including for example, an exception for block size orders and exceptions

that mirror those under Rule 611 of Regulation NMS. The original number

of assets included in the Trade-at group is 400. After matching 311 remain

in the sample.

In summary, the rules applied to the di�erent treatments are: Quote stocks

have a coarser (5 cent) grid for visible quotes, Trade stocks have a coarser (5

cent) grid for quotes, and trades also have to take place on this coarser grid,

and Trade-at stocks have a coarser (5 cent) grid for quotes and trades plus a

trade-at requirement. The Pilot was implemented by changing the minimum tick

size for di�erent groups of stocks at di�erent times. On Table ?? we provide a

count of how the treated assets in our sample are distributed across groups and

implementation dates.

In addition to considering the di�erent groups created by the SEC, we also

classify assets according to the magnitude of their quoted spreads relative to the

tick Pilot minimum price variation. For stocks with a tick size larger than their

pre-Pilot quoted spreads the coarser grid imposes a binding constraint on the

spread. We use the median daily quoted spread in cents during the weeks of

September in our sample (from Sept 6-31) to generate the three groups.

The three groups are as follows:

• QSgroup 1[QS1: tick constrained]: In this group, we include the companies

with a quoted spread lower than 5 cents.

• QSgroup 2[QS2: limited price improvement]: Here, we include the compa-

nies with a quoted spread between 5 and 10 cents.

• QSgroup 3[QS3: weakly constrained]: We include the companies with a

quoted spread higher than 10 cents.
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This classi�cation separates the treated assets in the Pilot by the magnitude

of the quoted spread relative to the new tick size.17 Those in QSgroup 1 will

necessarily see their quoted spread (in cents) increase, as they started with a

quoted spread below the new minimum tick size so that the new tick size will

impose a binding constraint on the quoted spread. Those in QSgroup 2 start with

a quoted spread that is between 1 and 2 ticks in the large tick size environment.

In principle, the new quoted spread would take values of 1 and 2 (or 3) new

ticks (that is, 5 and 10 (or 15) cents). In these cases the new tick size presents

only a weak constraint on the minimum quoted spread and the average quoted

spread may decrease. In particular, if the new tick size increases the liquidity

for these assets, the quoted spread may spend relatively more time around 1 tick

(5 cents) which would lead to a decrease in the observed average quoted spread.

However, the range of possible values the quoted spread can take is very limited

and a minimal (1 tick) change in the quoted spread leads to substantial changes

(in percentage terms) in the quoted spread. We have aggregated all remaining

assets into QSgroup 3, which we expect to be less a�ected by the change in tick

size both because the quoted spread is far from the minimal level imposed by the

minimum tick size, and because a one tick change in the quoted spread, though

much larger that before the experiment, is comparatively less signi�cant than in

the other groups. With this classi�cation we diverge from the majority of the

extant literature that analyses separately the tick constrained group (QSgroup 1)

but aggregates the other two (QSgroups 2 and 3).

3.2 Matching Treated and Controls

To make causal statements about the implementation of the tick size change, we

turn to the matched Di�-in-Di� methodology. The premise is that by matching

each asset in the treatment group with a similar asset in the control group, we

17Traditionally, assets are classi�ed according to their relative tick size (the inverse of the
price). The relative tick size is positively correlated with the magnitude of the quoted spread,
as is captured on Table ??, but the quoted spread is a more direct measure of the tightness of
the tick size constraint.
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obtain a valid estimate of the counterfactual of the behavior of the asset had

the tick size remained at one cent. Thus, any observed changes in the di�erence

between the treatment and control in any variable, before and after the change in

the tick size can be imputed exclusively to the Pilot program. In addition, as the

Pilot was implemented at di�erent times, the estimated changes in the variables

averages across speci�c events that may have coincided in time with changes in

the tick size at any one implementation date.

The key to drawing valid inferences using this methodology is accepting the

validity of the parallel trends assumption; i.e., that the behavior of the treatment

variables and those of the control would have moved in parallel had there been

no treatment. This cannot be tested by design (as in our setting there are no

true counterfactuals), but using a matching procedure that succeeds in matching

treated assets with those in the control set that are su�ciently similar justi�es

the parallel trends assumption. To make the match as close as possible, our

procedure combines exact matching for discrete variables with nearest neighbor

matching for continuous variables using the usual matching variables (volume and

size) plus some additional ones.18 The procedure followed is: First, for each asset

in the treatment group, the set of possible matches in the control is reduced by

considering only assets that match on the following variables: (i) stocks are in the

same industry, where industries are de�ned using the 30 Fama-French industry

classi�cations,19 (ii) stocks have the same share code (CRSP variable: shrcd), (iii)

stocks are in the same exchange (NASDAQ, or NYSE/AMEX), and (iv) stocks

participate in indices in the same way. The last is a binary criterion which is equal

to zero if the asset does not belong to any trading indices or the asset belongs to

one single index, and is equal to one if it belongs to two or more indices. The asset

18A propensity score matching is inappropriate in this setting, as selection into treatment and
control was done accounting for key liquidity determinants. We veri�ed this by running a logistic
regression of treatment on size, average daily volume, closing price, exchange and industry and
the resulting odds ratios were not statistically di�erent from one. The resulting classi�cation
table correctly classi�ed 54% of the 2013 observations (one was dropped as it was the single
representative of one of the 30 industries).

19The industry classi�cation is described in Kenneth R. French's website and implemented
using Stata command �nd created by Judson Caskey, UCLA, judson.caskey@anderson.ucla.edu.
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with a zero in this dimension is not exposed to much additional investor attention

due to participation in an index. Stocks with a value of one in this dimension

are subject to substantial additional investor attention due to participation in

several indices. We establish this stark binary classi�cation because, for most of

the assets in the sample, they either do not belong to any index, or they belong

to more than 10 indexes (see Table ??). Only a small number of assets belong to

a single index and none to 2-9 indices.

Imposing such a large number of preliminary matching dimensions creates

a danger that there are no longer any possible matches in the control group.

Fortunately, this occurs only for 66 out of 1006 remaining assets in the treatment

group, so we are left with 930 assets for which to �nd a match within a subset

of qualitatively very similar assets in the control. In the second stage, for each

remaining asset in the treatment group, we measure the distance between the

treatment asset and the ones in the reduced control group and select the one that

is closest. Distance is measured along four key variables: size (�rm capitalization),

average daily volume, the asset's price level (relative tick size), and average daily

quoted spread (measured in number of cents/ticks). These variables are measured

daily, and we use the median daily value of each variable over the month of

September.20 To obtain a scale-free measure of distance we obtain a variable-

by-variable score using the squared di�erence in the ranking of the stocks along

each of these variables using the whole sample. Then we aggregate the four scores

(one score per variable/dimension) and obtain an aggregate score by summing the

variable-by-variable distances over the four dimensions. Because of the importance

of the prior quoted spread for the analysis we overweight this dimension.21

As we are interested in the immediate e�ects of the Pilot, we construct the Di�-

20We use the median rather than the mean to reduce noise in the measurement of the variables.
The measures for the price level, average daily quoted spread and size are quite stable during
the month and are una�ected by this choice, however daily volume (CRSP vol times CRSP
abs(prc)) can �uctuate substantially and by using the median we obtain a more robust measure
of the asset's expected (in the sense of usual) daily volume.

21The corresponding weights are: price level (1/6), size (1/6), volume (1/6), and quoted
spread (3/6), so that half the weight comes from distance along the quoted spread dimension.
We also ran the main analysis using equal weighting and the results are similar.
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in-Di� estimator by taking di�erences between treated and controls and estimating

the di�erence in the means of these di�erences over the 10 trading days before

relative to the mean over the 10 days after the implementation of the Pilot for

the treated asset.

4 Results

We use the following terminology to simplify the presentation: a statistic is signif-

icant when the di�erence-in-di�erence statistic is statistically greater (or smaller)

than zero at a level greater than 99.5% (on the table this is displayed as 100% or

0%); the statistic is weakly signi�cant if it is statistically di�erent from zero at

a level between 95% and 99.5% (or 0.5% and 5%); and statistically insigni�cant

otherwise.

4.1 Basic E�ects

As discussed in Section ?? and summarized in Hypothesis 1, the basic e�ects of

an increase in the tick are to increase the quoted spread, the length of the queue

at the best bid and ask, and reduce the frequency of price improvements. These

e�ects are well-established and our results con�rm them. Our methodology also

allows us to look at the e�ect across di�erent treatments, and across di�erent

types of stocks using our two Hypothesis H.HetA and H.HetB as our guides.

Hypothesis 1 is covered in Tables ??-??. We look at changes on market aggre-

gates of spreads and depth using TAQ data (Table ??), and changes in NASDAQ

spreads (Table ??), and NASDAQ depth at best prices as well as price stability

(Table ??). We con�rm the increase in spreads and depth at best prices both in

the TAQ and in NASDAQ found by previous authors.22 Results on the tables

are easily interpreted: there are two columns for each variable analyzed: the �rst

column captures the estimated magnitude of the e�ect (the average treatment

e�ect: the mean di�erence in the di�erence of the treated and control group, after

22
?, ?, ?, among others
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minus before), and the second column shows the estimated probability that this

di�erence (in di�erences) is signi�cantly positive.23

At the aggregate (TAQ) level, Table ??, we con�rm that the increase in the

tick size has a positive and signi�cant mean treatment e�ect (row labelled MATE)

for the quoted spread measured relative to the stock price (QSbps) and depth

(D0(ask)�the same is found on the bid side). The e�ects for the quoted spread

in cents (QScents) is weaker in the sense that one cannot reject that the mean

has increased with a 93% probability.

In Table ??, the average treatment e�ect for each of the three di�erent treat-

ments separately (rows labelled Quote (treatment 1), Trade (treatment 2), and

Trade-at (treatment 3)), shows that the results by treatments are similar to the

MATE results, with the only di�erence being that the quoted spread (in cents)

is signi�cant in the Trade treatment, when the MATE was only signi�cant at the

93% level.

If we now look at the treatment e�ect across the subsets of the population

separated in terms of the pre-Pilot quoted spreads, the QS groups, we �nd that

the e�ects on the quoted spread and queue length are positive and statistically

signi�cant for the �rst two subgroups, the tick constrained (QS1: QS group 1)

and the limited price improvement (QS2: QS group 2) group. However, for the

weakly constrained (QS3: QS group 3) group, the e�ect is only signi�cant for

depth, and is not signi�cantly di�erent when looking at spreads.

To get a clearer picture, we disaggregate each treatment by QS groups, and

we �nd that the e�ect on depth is signi�cant across all groups and treatments,

while the e�ect on spreads is signi�cant for all treatments and the �rst two QS

groups (QS1 & QS2), and insigni�cant for QS3.24

These results con�rm those for the tick constrained subgroup (QS1) in ? and

23The reported probability is the estimated probability from a t-test on the di�erence in
means, that is, the probability of observing the test statistic under the null (that the mean after
the tick size change is strictly greater than the mean before the change). In addition we also do
a Wilcoxon rank-sum test. The results from the Wilcoxon tests are in line with the t-tests and
are available upon request.

24There is a single exception for the �rst part of the statement: QS measured in cents, for the
QS group 1 in the Trade-at treatment, is signi�cant only at the 92% level.
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? who di�erentiate the tick constrained (our QS1) group from the others (QS2

& QS3 together).25 Our analysis subdivides this second group into two separate

groups (QS2, and QS3). We �nd that the e�ect identi�ed for QS1 extends to

those assets that are not strictly tick constrained, but face signi�cant limited

price improvement possibilities (those in QS2).

The e�ects on the quoted spread are con�rmed when looking at quoted spreads

within the NASDAQ exchange (Table ??), and are valid not just for posted

spreads, but also in terms of execution costs as measured using e�ective spreads.

Table ?? includes depth at the best prices (D0 (NASDAQ,$)) where we con�rm

the increased depth across treatments and QS groups. The remaining columns

look at the third e�ect posited in H1: a larger tick size will result in fewer price

improvements. The richness of our data allows us to explore this e�ect of the

increased tick that is seldom considered in the literature.26

The column labelled Changes(n) on Table ?? shows the frequency of changes

in the bid or the ask within one minute. The e�ect of the tick change on this

variable is like that we found on depth in the sense that it is signi�cant across

treatments and subgroups, though this e�ect is negative rather than positive.27

The magnitude of these changes across treatments displays an interesting pattern

that we observe only for the current as well as the next variable, Aggressive

LOs, namely, the e�ect is strongest for the Trade-at treatment, and for any given

treatment, for the intermediate QS group, the limited price improvement group.

Changes in the bid/ask can be due to one of three reasons: a price improvement

25
? estimate a panel regression with interaction dummies between the event and the di�erent

treatments, as well as the event with the QS1 group (labelled TBC), and a triple interaction
event, Quote treatment, and QS group 1 (TBC). The sign and signi�cance of the triple interac-
tion coincides with our results for the QS 1 subgroup in the Quote treatment. Their results in
other subgroups are partially aligned with ours, and these di�erences are not easily comparable
due to the methodological di�erences between our approaches.

26Of the main papers that study the Pilot, only ? looks at volatility and does so using the
square root of midpoint returns, both in event time (every NBBO quote update) or every 5
minutes. The results in ? are comparable to those in our Table ?? but do not address the
frequency of price updates which we study using the variables in Table ??.

27Because the di�erence-in-di�erence statistic is negative, if P (Mn) = 0% then the probability
that the di�erence in the variable of interest (X) is greater after the change as compared with
before the change is less than 0.5%, or equivalently, the probability that the di�erence in X is
smaller after the change is greater than 99.5%.
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from an aggressively posted limit order (LO), or a price worsening due to either

a cancellation, or an execution. On the same table, the variable Aggressive LOs

isolates the �rst of these channels, and not only is this e�ect also signi�cant across

treatments and QS groups, and it captures more than 50% of the magnitude of

the e�ect of the tick on price changes, and the variation in the magnitude of this

e�ect across treatments and QS groups. In order to better understand this e�ect

we need to explore other e�ects. In particular, we will return to it when we look

at price e�ciency.

In summary, we �nd signi�cant evidence for H1: an increase in the tick size

increases (quoted and e�ective) spreads, accumulated depth at the best bid and

o�er, and reduces the frequency of price improvements. We also �nd that the

e�ect on depth and price improvements is signi�cant across treatments and spread

groups but the e�ect on spreads is signi�cant for the tick constrained, weakly so

for the limited price improvement, and insigni�cant for the weakly constrained

groups. In terms of the magnitude of the e�ect we see a similar pattern with the

largest e�ect observed for the QS1 and the smallest for the QS3 group.

4.2 Market-making Incentives

The thrust of the classic microstructure theories focuses on the transmission of the

tick size change to market quality variables via its e�ect on market-making pro�ts,

and the acquisition of information. We now explore the main variables associated

with these factors: the realized spread, overall depth, and price volatility (on the

NASDAQ exchange).

The realized spread is a basic measure of the revenue of market-making activ-

ities. The realized spread compares the price at which the trade is executed with

the midprice after a certain period of time. This time period is intended to re�ect

the time horizon within which the liquidity provider is expected to net out the

passive, liquidity-providing limit order that has been executed against the current

(aggressive) liquidity-demanding order. We focus on the 5-second horizon.28

28The 5 second horizon is proposed in ? as a more appropriate time horizon in the current high
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Table ?? shows the results, which are qualitatively similar to those we found

for the (quoted) spreads, and con�rm similar results obtained in the literature

(e.g., ? or ?). The e�ect is positive and signi�cant by treatment and for the �rst

two QS groups, and insigni�cant (and negative) for the QS3 group.29 For the

Trade-at group, realized spreads increase more than for the other two treatments,

which is consistent with the loss of market quality which has been found to occur

when restricting access to dark pools (?).30

The increase in realized spreads indicates an increase in the attractiveness of

liquidity provision and in favor of the �rst aspect of H2 (H2.a). This should lead

to an increase in the values of variables associated with market-making activ-

ity and liquidity such as depth, resiliency of the order book (H2.b), and lower

microstructure noise and volatility (H2.c). The latter two are shown on the re-

maining columns of Table ??, while depth beyond the best prices is shown on

Table ??.

The depth measures on Tables ?? and ?? measure depth at the best price,

and �nd an increase in depth following the increase in the tick size. However, this

positive e�ect may be a mechanical aggregation e�ect as limit orders at several

levels of the order book need to concentrate on a coarser grid. Table ?? shows

measures of depth deeper into the book. The evidence shown in Table ?? is

mixed. Overall and across treatments, we �nd that the average treatment e�ect

is positive for the Quote and Trade treatments, and not signi�cant for the Trade-at

treatment. Across subgroups, the e�ect for the weakly constrained QS3 group is

for the most part insigni�cant (and often negative).31 This variation, together with

speed automated trading environment. However, we calculate the Realized Spread at di�erent
horizons (100ms, 1sec, 5sec, 1min and 5 min) and results are very similar qualitatively and
quantitatively.

29We �nd the same results for realized spreads (in terms of signi�cance) if we do the calcula-
tions using 100ms, 1sec, 1min and 5 min.

30Our results contrast with those in ?. They �nd a negative and signi�cant coe�cient for the
trade-at group (after controlling for the tick constrained group) in the realized spread regression.

31The extant literature �nds stronger evidence in favor of increased depth beyond best prices,
both when measured directly ?, or via the cost of a round-trip ?, though the latter paper does
not distinguish between tick size groups. Note, however, that these studies do not di�erentiate
between the less constrained groups, QS2 and QS3.
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the di�erences observed between the QS1 and the QS2 groups, support the �rst

hypothesis on heterogeneous e�ects (H.HetA). Di�erences in the e�ect on depth

across treatments also supports the hypothesis that the Trade-at constraint has

rami�cations beyond reducing access to dark venues and reduces market quality

(H.HetB).32

Returning to Table ??, another e�ect of increased market-making activity is

that quotes will be more stable and resilient. We proxy for the stability and

resiliency of quotes by looking at the frequency of changes in best prices, both

in terms of the number of changes, as we saw on Table ??, but also in terms

of the size of those changes Changes (cents) on Table ??. We measure changes

in cents as well because the reduction in the number of changes shown on Table

?? may be a simple mechanical consequence of a coarser price grid. Hence the

value of looking at price changes in terms of the per minute total variation in

cents. We �nd that after the increase in the tick the price moves signi�cantly less

overall, and across treatments, while we also �nd the hypothesized heterogeneity

across QS groups in H.HetA, strongest for the tick constrained QS1 group and

insigni�cant for QS3, both in terms of number and the dollar (cent) value of these

changes. Also, going back to the e�ect we observed when comparing the number

of changes across QS groups, we �nd that the value of changes in best prices

displays a more monotone behavior. The more constrained group shows a smaller

decline in changes in the prices than the other two, and similarly, stocks in QS2

experience similar or smaller declines than those in weakly constrained group.

These variables, Changes (in number and cents), also capture microstructure

noise in the sense that they capture within the minute changes. We �nd strong

evidence of a reduced frequency of changes (as well as in the number of aggressive

limit orders discussed earlier) across all treatments and quoted spread groups.

32The restriction imposed by the trade-at rule is more stringent than the Double Volume Cap
(DVC) studied in ? for UK securities in 2018. The trade-at explicitly prioritizes protected
quotes (at regular exchanges) while the DVC banned a subset of dark venues, allowing other
non-regular exchanges to take up those trades. This explains why volume at regular exchanges
was not signi�cantly a�ected by the DVC, but we see signi�cant changes for the Trade-at group
during the tick Pilot.
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The economic magnitude of these changes are substantial as the pre-Pilot (pre

Oct 3rd) mean values for the variable are 7.7 changes for a total of 23.1 cents.

These imply that the MATE represents a 42% drop in the frequency of changes

in the best price, and a 25% drop in the dollar value of these changes.

However, these e�ects could be due to more general changes in volatility. In

order to evaluate this, Table ?? includes two additional variables, Daily V olat

and 30min V olat. The former captures aggregate price volatility using the aver-

age standard deviation of one minute mid-point returns, and the latter captures

intraday volatility by looking at the average standard deviation of one minute mid-

point returns over 30-minute windows. Both measures are essentially una�ected

by the Pilot.33 The combination of unchanged volatility with fewer intraminute

price changes support the hypothesized lower microstructure noise (H2.c).34

Overall, the observed e�ect is consistent with the stated objective of the Pilot:

increase market-making incentives and liquidity with a positive e�ect on overall

depth and price resiliency. We �nd that the magnitude of the e�ect is greatest in

the �rst two treatments, however, the addition of the trade-at restriction appears

to have dampened the e�ect of the Pilot on liquidity on NASDAQ (H.HetB). We

also �nd that across subgroups the e�ect is for the most part strongest in the tick

constraint group, though this generalization fails when looking at the Trade-at

treatment, where the variation across subgroups displays no clear-cut pattern.

4.3 Volume and Price E�ciency

The next set of hypothesis, H3.a and H3.b, considers how these e�ects a�ect

volume and price e�ciency. Table ?? shows changes in aggregate volume, V olume

(log). We �nd that the mean e�ect is negative and signi�cant, indicating that the

increased friction from the coarser price grid overwhelms any gains from increased

33
? �nd positive increases in the volatility of 5-minute midpoint returns, and the magnitudes

are small and, in the case of the Trade treatment, insigni�cant.
34In contrast, ? �nd that price resiliency decreases, with a greater e�ect for the QS1 group,

though the measure used is di�erent, namely, the half-live in seconds for the depth to return to
its previous level after a shock (for the Quote and Trade groups only).
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liquidity. However, when we consider the e�ect by subgroups we �nd that this

e�ect is driven by the e�ect on the QS3 subgroup, and in particular, by the

combined e�ect of the regulations that accumulate for the Trade-at treatment on

the weakly constrained subgroup of stocks (the last row of the table). In the Trade-

at treatment, this subgroup experiences a very signi�cant drop in volume.35 This

drop is consistent with both our hypothesis HetA and HetB, though with a slight

quali�cation. HetA proposes that the magnitude of the e�ect will increase with the

pre-Pilot constraints on the quoted spread, but the volume e�ect suggests that the

magnitude of the bene�cial e�ect on liquidity will vary with the constraint, while

the negative e�ect from a coarser price grid on market clearing appears to hold

similarly across subgroups. This argument would explain that other subgroups

and treatments experience mostly negative but insigni�cant changes in aggregated

volume. The increase in depth and lower noise are su�cient to avoid a major loss

of volume, with the one major exception. This exception, the weakly constrained

tick size group under the trade-at treatment, suggests that the barriers to trade in

(bilateral) dark pools can have a signi�cant negative impact on volume for stocks

with wide spreads as proposed in H.HetB.

?, ? and ? show that increasing the tick size increases the returns of market-

making activity and speeds up price discovery, as captured in hypothesis H3.b.

We saw on Table ?? that realized spreads increased, and with it revenues from

market making. Table ?? shows the price impact, which also increased across all

treatments as well as for all but the QS3 quoted spread group.36 The magnitude

of the e�ect on price impact in all treatments across subgroups is consistent with

H.HetA; that is, it is decreasing with the width of the pre-treatment quoted spread.

Furthermore, the average e�ect across treatments is statistically signi�cant for the

QS1 and QS2 groups, and insigni�cant for the QS3 group.37

Also in Table ?? we �nd results on the V ar Ratio. This variable provides an

35The same result for the ATE across treatments is found in ?.
36This is consistent with the negative e�ect of dark pools on price e�ciency in ? and ?, and

the results for the Pilot in ?, ?, and ?.
37We �nd the same results for price impacts (in terms of signi�cance) if we do the calculations

using 100 ms, 1 sec, 1 min and 5 min.
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alternative measure of price e�ciency, the variance ratio, which is measured as

|1−V R|, where V R is the ratio of the 30 minute variance of the return measured

over 1 minute intervals relative to the 30 minute variance of the return measured

every 15 seconds.38 The e�ect on the Variance Ratio is negative or insigni�cant

and varies with the QS group.39 Interestingly, the relative results for QS groups 1

and 2 parallel those for Price Impact, and are consistent with a positive association

between the Realized Spread and both Price Impact and the Variance Ratio.

We �nd insigni�cant e�ects on the VR ratio when the Realized Spread and the

Price Impact are high, and signi�cant declines in VR when the Realized Spread

and Price Impact are low or insigni�cant. The QS1 subgroup has the largest

increase in Realized Spreads, as well as in Price Impact, with insigni�cant changes

in variance ratios across treatments. The QS2 subgroup has smaller and less

signi�cant increases in Realized Spreads and Price Impact, and weakly signi�cant

drops in variance ratios. For the QS3 the pattern is less clear, though we �nd the

strongest decline in the variance ratio in the Quote treatment, together with an

insigni�cant increase in Realized Spread and Price Impact. Consistent with the

previously observed results, the stocks most a�ected by the coarsening of the price

grid saw signi�cant increases in liquidity that increased price informativeness and

kept the same variance ratios. On the other hand, stocks that were only a�ected

only slightly, those in QS2 and QS3 in the Quote group, experienced lower liquidity

gains and a reduction in the variance ratio.

Overall, increases in market-making revenues are accompanied with insignif-

icant changes in volume and relative improvements in price informativeness in

terms of variance ratios (MATE and Quote stocks), as well as with increases in

price impact. The largest impact on volume is observed for stocks in both the

QS3 group and the trade-at treatment. This evidence supports the intuitions and

results in ?, ? and ?.

38V R = σ2
1min/4σ

2
15sec. The usual intervals used, e.g. ?, are (1-second,10-second), (10-second,

60-second), (1-minute, 5-minute). Our choice of (15-second, 1-minute) is in between the latter
two as is done in ?.

39The results are in line with those in ?, although for the constrained tick group (QS1) we
�nd no signi�cant e�ect where they �nd a positive one.
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4.4 Hidden Orders and Dark Pools

As discussed earlier, modern US equity markets are characterized by a high degree

of fragmentation, and a large number of venues, other than exchanges, where

assets are traded. The tick size is predicted to have an impact on the incentives

to use less transparent orders and markets, as posited by Hypothesis 4. However,

the third treatment includes a trade-at restriction that prioritizes protected quotes

at regular exchanges, which will limit and possibly reverse the e�ect of the larger

tick size (H,HetB).

In Table ?? we use two variables to identify the e�ect of the Pilot on the use

of hidden orders: Hidden (MIDAS), the proportion of trades executed against

hidden orders out of all trades (constructed using aggregate data provided by

MIDAS), and Hidden (log), the log of the dollar value of trades executed against

hidden orders on NASDAQ (constructed using ITCH data). Both measures pro-

vide a consistent picture that is the opposite of the prediction in H4: hidden

trading decreased signi�cantly across treatments and quoted spread groups both

in total volume (on NASDAQ), as well as a proportion of total volume. Further-

more, the evidence also rejects the e�ect posited in HetA: the e�ect is greatest for

the weakly constrained, QS3, subgroup and weakest for the tick constrained, QS1,

group. Despite the result contradicting H4, it is not surprising that we observe

fewer hidden orders, as these orders gain priority only if they are posted inside the

spread, and the increased tick size implies that gaining price priority this way is

much more expensive. Traders seeking to o�er price improvements will probably

try other alternatives before o�ering the steep (and costly) discount of one full

tick (5 cent).

? posit that hidden orders and trading in dark pools are substitutes in terms

of execution strategies, hence the e�ect of increased dark trading hypothesized

in H4 may be concentrated in o�-exchange trading. We measure o�-exchange

trading using the volume of trade reported to FINRA in the TAQ. In Table ??,

the column labelled FINRA describes the e�ect of the Pilot on the proportion

of total volume traded o�-exchange. Separating the Quote and Trade treatments
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from the Trade-at one, we �nd that the increase in the tick size had the predicted

e�ect (H4) of increasing the use of dark venues for execution, and this e�ect is

most signi�cant and larger in magnitude for the most a�ected stocks in the QS1

group, followed by those in the QS2 group (as proposed in H.HetA). For the stocks

in the Trade-at group, the loss of priority for o�-exchange quotes has the predicted

e�ect (H.HetB) of driving volume away from dark venues to lit venues (regular

exchanges). The magnitude of the e�ect is economically signi�cant (a reduction

of 5.5 points in o�-exchange trading, which is on average around 20%) and the

e�ect is largest for the QS3 group�those stocks least a�ected by the change in the

tick size. This result is consistent with the �ndings of other authors.40

The increase in the tick size is followed by an increase in hidden liquidity.

We observe that this increased liquidity takes the form of increased volume at

o�-exchange venues, and not via increased execution against hidden volume at lit

venues. However, for the third treatment, the trade-at rule, by imposing price

priority on lit venues, sets a barrier to trading in dark venues that generates the

opposite e�ect, driving volume from dark to lit venues. An additional related

e�ect documented in ? and ?, is that the larger tick size increases incentives

to trade at the midpoint, both on lit and dark venues. The trade-at restriction

augments these incentives, and despite the fall in the share of volume executed

at dark venues, the share of volume executed at the midprice in those same dark

venues increases. Across subgroups, the stocks with a more restrictive tick size

see a greater dislocation of volume in the Trade and Quote treatments, while the

trade-at rule reduces hidden volume more for the less constrained stocks.

4.5 Inverted Fee Venues

We have seen that the Pilot a�ected investors' decisions both in terms of choosing

order types (visible vs hidden) and the choice of venue (transparent regular ex-

changes vs dark markets). We argued that this decision is driven by the change in

the nature of competition and in particular by the increased di�culty in making

40
?, ?, ?, ?, ?, ?, ? and ?, among others.
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price improvements. The discussion so far has addressed the role of competition

between lit and dark venues. Between exchanges (lit venues), we look at fee di�er-

ences as a driver of inter-venue competition (?, ?, ?). In particular, Hypothesis 5

posits that the fee structures of inverted fee venues give traders the possibility to

o�er sub-tick price improvements. Thus we expect inverted fee venues to increase

their market share.

We use the di�erences in fees described in Figure 1 of ? for the 12 exchanges

trading in the Pilot a�ected stocks. Brie�y, we separate the exchanges into three

groups: those using the regular maker-taker fee structure (NYSE MKT, NASDAQ

PSX, NYSE ARCA, CHX, BATS-Z, and EDGX), those using an inverted taker-

maker fee structure (BATS-Y, NASDAQ-BX, and EDGA), and a zero fee group

that contains the single IEX exchange.41 In particular, Figure 1 in ? shows that

liquidity takers pay approximately the same fee in regular venues (30 mills or 0.3

cents per share) and receive di�erent rebates in the inverted fee venues (around 10

mills in BATS-Y, 6 in NASDAQ-BX, and 2 in EDGA). For the liquidity provider,

the fees in the inverted fees venues are around 21 mills in NASDAQ-BX, 18 mills in

BATS-Y, and 4 mills in EDGA. Thus, we expect the more eager liquidity providers

to chase execution at BATS-Y and then to NASDAQ-BX in second place.42

Among equity exchanges, We �nd that the most signi�cant e�ects took place

at the larger exchanges: NASDQ (NSDQ), NYSE, NYSE-ARCA (ARCA), BATS-

Z (BATS) and EDGE-X (EDGX) in the regular fee group, and BATS-Y (BATY),

EDGE-A (EDGA), and NASDAQ-BX (NQBX) in the inverted fee group. In terms

of assets, the greatest changes are observed for assets in the Trade-at group.

Table ?? shows changes in the market share of inverted fee venues (InvertedFee).

The e�ect is statistically and economically signi�cant: inverted fee venues in-

creased their market shares across all treatments and quoted spread groups. Con-

sistent with H.HetA, the magnitude of the e�ect is greatest in the QS1 group

and smallest in the QS3 group, and the additional restrictions on the stocks in

41Although the di�erences in fees outlined a�ect the majority of traders, fee structures are
much more complex, including other factors such as discounts for large volumes.

42Note that there are more fee types depending the trader volume, the co-location cost, etc.
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the Trade-at treatment were accompanied by a signi�cant increase in the volume

going to inverted fee venues (H.HetB). The magnitude of these changes for those

in the Trade-at treatment is much larger than for the other two. This di�erence

is used in ? as an exogenous shock to volume in inverted fee venues, to study

the causal e�ects of the role of inverted fee venues on price e�ciency and mar-

ket quality. They conclude that inverted fee venues increase price e�ciency and

liquidity when the tick is suboptimally large.

4.6 Speed and Data Centers

We use fee di�erences to consider another aspect of trading and its interaction

with the tick size, namely latency. In addition to the issues discussed so far,

switching between one venue and another is not simple. One cannot exploit re-

bate di�erences using market-to-market routing, as venues charge a (substantial)

fee for routing orders to other venues, and changing venues may have substan-

tial additional costs. A broker has to either program its own routing software to

select the appropriate venue, or use venue-speci�c hardware and software placed

physically at the data center where the venue is housed. In addition, access-

ing certain venues requires familiarity with di�erent message protocols.43 We

expect cross venue routing costs to be substantially reduced when switching be-

tween venues owned by the same company. For example, overall routing costs for

traders on NASDAQ venues is lower when sending orders from NASDAQ-OMX

to NASDAQ-BX than, for example, NYSE-ARCA or EDGE-A, while for traders

on CBOE venues overall routing costs will be lower to route order to EDGE-A

(EDGA) and BATS-Y, than to NASDAQ-OMX or NYSE-ARCA.

In addition to these costs, being in the same colocation center has an added

speed advantage, as trading signals have less distance to travel. Thus, we ex-

pect trading to remain concentrated at data centers whenever possible. Traders

colocated in one of the NASDAQ group venues will concentrate their trading at

43In terms of message protocols, venues have a native protocol: NASDAQ uses OUCH, while
CBOE uses BOE, and NYSE has recently moved to Pillar. In addition, all venues support the
FIX protocol.
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Carteret, those in the ICE group (e.g. NYSE) venues at Mahwah, and those in

CBOE venues (EDGE-A, EDGE-X, BATS-Z, BATS-Y) at Secaucus.

The hypothesized preference for colocated venues implies that traders with

servers in the NASDAQ data center and who want to o�er a small price improve-

ment (net of fees) by posting at an inverted fee venue may be willing to assume

a higher liquidity provision fee and stay at the more expensive but colocated in-

verted fee venue, NASDAQ-BX, rather than the cheaper, more distant venue,

BATS-Y. The cost from going to the colocated venue is the estimated fee di�er-

ence of 2 mills per share plus the greater likelihood of execution at BATS-Y, as

the latter is more likely to attract more liquidity demanding orders (being the

cheaper venue). If latency is su�ciently important, as we expect, then trade �ows

observed from Carteret will not be a�ected by moves to inverted fee venues, but

will be driven primarily by moves to and from dark venues.

We expect that traders who are located in Mahwah (NYSE), where there is

no inverted fee venue, and who want to o�er a price improvement posting at

the current best price, will route their orders to inverted fee venues, primarily

to Secaucus, which is both closer and o�ers the greatest inverted fee rebate to

potential counter-parties. Order �ow to Secaucus will increase from these traders,

however it will also be a�ected by �ows to dark venues. In addition to CBOE

venues, a number of dark markets are colocated at Seacaucus. Furthermore, it

is the datacenter closest to Manhattan which makes it more attractive to non-

colocated supply side traders, so we also expect it to be the most sensitive to

moves to o�-exchange trading (stocks in the Quote and Trade treatments), and

bene�t from the Trade-at rule in the third treatment.

Table ?? shows the relative changes in market share by datacenter: Mahwah

(NYSE), Seacaucus, and Carteret (NASDAQ).44 We observe that volume �ows

as expected: on average it �ows to Secaucus and to Carteret, and out of Mahwah.

When we consider possible heterogeneous e�ects and look at subgroups we �nd

44The market shares are measured as percentage of total, including o�-exchange trading re-
ported as FINRA.
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that for the most tick constrained stocks the main change in market shares is

the loss of Mahwah to Seacaucus. For the weakly constrained stocks in QS3,

markets shares by colocation center also move from Mahwah to Seacaucus but

these changes are insigni�cant, while we observe a weakly signi�cant increase in

the market share for the venues at Carteret.

These e�ects become clearer when disaggregating by treatment. As expected,

the signi�cant shift of volume to dark venues for the Trade and Quote treatments

we saw in Table ?? is accompanied by decreases in market share at Carteret

and Mahwah (Table ??), specially for the most tick constrained stocks. For the

venues at Seacaucus the attractiveness of signi�cant subtick price improvements

from inverted venues is weakly stronger than the attraction of dark venues, and

we see mostly positive and some weakly signi�cant increases in market share.

Things are much di�erent for stocks in the Trade-at group. With the loss of

priority for quotes in dark venues, the loss of market share for venues at Mahwah

is signi�cantly reduced, and Mahwah venues lose market share only for the more

constrained stocks, presumably as traders search for sub-tick price improvements.

Venues in both Mahwah and Carteret on the other hand see signi�cant gains in

market share. Interestingly, the higher fee rebate di�erence in Seacaucus venues

is accompanied by higher market share increases for the more tick constrained

stocks, while for the weakly constrained ones, the increase in market share is much

larger for venues colocated in Carteret�four times greater than the one experienced

by Seacaucus. It appears that, consistently with the lower importance of queue

competition and the associated lower importance of latency (?), di�erences in

rebates are more important than latency for the less constrained stocks after the

increase in the size of the tick.

5 Conclusions

The tick Pilot represents a signi�cant source of knowledge both in terms of the

e�ect of the coarseness of the price grid, as well as on competition in fragmented
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markets. Overall, the observed e�ect is consistent with the stated objective of

the Pilot: increased spreads and accumulation of orders at the bid and ask are

associated with increased market-making incentives and liquidity with a positive

e�ect on overall depth and price resiliency. In particular, we �nd signi�cant

reductions in the frequency and magnitude of changes in best prices, and that

the greater tick size a�ects not only those stocks that are strictly constrained (in

QS1) but also, though to a lesser extent, those that face a tight limitation on price

improvements (in QS2), while the direct e�ects are much weaker if signi�cant for

the rest of stocks (in QS3).

The Pilot also provides important insights on the working of competition in a

highly complex and fragmented market, as is the case in the US, and these insights

are enhanced by the incorporation of the trade-at rule as an additional treatment.

We observe that a coarser tick size drives competition in two directions. On the

one hand, it drives traders to seek price improvements to inverted fee venues and

dark venues (specially those with midpoint execution). On the other, it increases

the importance of competition for queue position, which is associated with an

increased importance of latency demanded by high-frequency traders. The con-

�guration of venues across colocation centers, allows us to observe the interplay of

these forces as volume leaves Mahwah in search of hidden liquidity and inverted fee

venues, and is reallocated between the nearer trading center at Seacaucus and the

more distant one at Carteret. At the same time, we observe some volume leaving

Carteret seeking hidden liquidity, while the traders at Carteret seeking subtick

price improvements prefer to stay at the local inverted fee venue (NASDAQ-BX)

despite the cheaper sub-tick price improvement available at Seacaucus, possibly

because of lower latency and shared message protocols. Across subgroups we �nd

the largest changes in market shares in the most constrained group (QS1) for

the stocks in the Quote and Trade treatments. However, the additional trade-at

restriction has the most impact on the market shares for the least constrained,

primarily via its impact on hidden liquidity and volume at Seacaucus.

To evaluate the net e�ect of these policies, we looked at volume (on Table
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??). It appears that the increased liquidity from the increased tick size, and the

possibility of reorganizing competition for volume across venues, both inverted

and dark, allows competition to neutralize increased frictions and leaves overall

volume essentially the same for the most constrained stocks. On the other hand,

the stocks least a�ected by the coarsened price grid, those in QS3 that see no

signi�cant changes in spreads, experience the greatest volume reductions. The

force of competition is not su�cient to overcome the frictions generated by the

coarsened price grid, and when weakened further by the trade-at rule, generates

substantial loss in volume.

36



Bibliography

37



6 Tables

Table 1: Number of (distinct) assets in the sample

Frequency In matched sample

Control 1,008 559
Group 1 339 314
Group 2 331 305
Group 3 336 311
Total 2,014 1,489

Table 2: Index Participation by SEC groups

n indices Control G1 G2 G3 Total

0 708 235 226 230 1,399
1 9 2 2 5 18
12 187 65 70 64 386
13 2 1 0 1 4
14 95 35 32 35 197
18 1 0 0 0 1
20 4 0 0 0 4
21 1 0 0 0 1
22 1 1 0 1 3
25 0 0 1 0 1

Total 1,008 339 331 336 2,014

Table 3: Quoted spread groups vs relative tick size groups

<=$5 $5-$10 $10-$20 $20+ Total

QSgroup 1 62 93 135 86 376
QSgroup 2 22 39 64 125 250
QSgroup 3 16 28 68 192 304
Total 100 160 267 403 930
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Table 4: Stock Exchange Codes

AMEX NYSE American
NYSE NYSE
ARCA NYSE Arca
NSDQ NASDAQ-OMX
NQBX Boston Stock Exchange
NQPSX Philadelphia Stock Exchange
EDGA Direct Edge EDGA Exchange
EDGX Direct Edge EDGX Exchange
BATS BATS Exchange
BATY BATS Y-Exchange
NSE National Stock Exchange
CSE Chicago Stock Exchange
IEX The Investors' Exchange
FNRA Financial Industry Regulatory Authority

Table 5: Tick change implementation dates (by treatment groups)

Implementation date G1 G2 G3 Total

20161003 4 4 0 8
20161010 74 76 0 150
20161017 236 225 4 465
20161024 0 0 82 82
20161031 0 0 225 225

Total 314 305 311 930
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Table 6: Di�-in-Di� results: NBBO Spread, and Depth.

This table presents the mean di�erence-in-di�erences for each variable and the associated
t-tests for quoted spreads, and depth at the NBBO (TAQ). The quoted spread (QS) is
measured both in levels (cents) and in basis points of the price (bps). Depth is measured
at the NBBO, (D0) aggregated across all markets and only the ask side is reported (the
bid side is qualitatively the same).

The test looks at the average di�erence between matched treated and control assets, before

and after the introduction of a the Pilot. The column labeled D-in-D displays the mean

di�erence before and after the event in the mean di�erence between treated and controls.

For the di�erence in mean we run a t-test and report P(Mn), the probability of observing

the test statistic under the null (that the mean after the tick size change is strictly greater

(smaller if negative) than the mean before the change).

We consider the following samples: (i) the whole sample of treated companies (MATE),

(ii) the subgroups obtained by separating the treated assets by their treatment group

(Quote, Trade and Trade-at), and (iii) the subgroups obtained by separating the treated

assets according to their median average daily quoted spread: QSgroup 1 if the median

QS is between 1 and 5 cents, QSgroup 2 if the median QS is between 5 and 10 cents, and

QSgroup 3 for those with a QS greater than 10 cents (measured in cents, QS) during the

period September 6, 2016 - September 30, 2016.

QS cents QS bps D0 (ask)

QS GROUP OBS D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn)

MATE 930 2.62 93% 21.63 100% 2052 100%

QS group 1 376 3.12 100% 39.05 100% 4203 100%
QS group 2 250 2.77 100% 21.24 100% 914 100%
QS group 3 304 1.87 63% 0.39 52% 328 100%

Quote 314 3.40 81% 20.95 100% 1994 100%
QS group 1 133 3.56 100% 39.87 100% 4046 100%
QS group 2 80 2.71 100% 17.81 99% 795 100%
QS group 3 101 3.73 62% -1.50 46% 242 100%

Trade 305 3.06 100% 22.22 100% 1977 100%
QS group 1 108 3.33 100% 38.57 100% 4390 100%
QS group 2 94 3.00 100% 22.89 100% 1001 100%
QS group 3 103 2.83 81% 4.46 64% 337 100%

Trade-at 311 1.39 65% 21.73 100% 2185 100%
QS group 1 135 2.51 92% 38.63 100% 4207 100%
QS group 2 76 2.54 100% 22.81 100% 932 100%
QS group 3 100 -1.00 46% -1.89 44% 407 100%
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Table 7: Di�-in-Di� results: NASDAQ Spreads.

This table presents the mean di�erence-in-di�erences for each variable and the associated
t-tests for quoted and e�ective spreads in the NASDAQ market where both the quoted
(QS) and the e�ective spreads (ES) are measured in cents and basis points (bps, of the
spread as proportion of the asset's price).

The test looks at the average di�erence between matched treated and control assets, before

and after the introduction of a the Pilot. The column labeled D-in-D displays the mean

di�erence before and after the event in the mean di�erence between treated and controls.

For the di�erence in mean we run a t-test and report P(Mn), the probability of observing

the test statistic under the null (that the mean after the tick size change is strictly greater

(smaller if negative) than the mean before the change).

We consider the following samples: (i) the whole sample of treated companies (MATE),

(ii) the subgroups obtained by separating the treated assets by their treatment group

(Quote, Trade and Trade-at), and (iii) the subgroups obtained by separating the treated

assets according to their median average daily quoted spread: QSgroup 1 if the median

QS is between 1 and 5 cents, QSgroup 2 if the median QS is between 5 and 10 cents, and

QSgroup 3 for those with a QS greater than 10 cents (measured in cents, QS) during the

period September 6, 2016 - September 30, 2016.

QS cents QS bps ES cents ES bps

QS GROUP OBS D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn)

MATE 930 1.96 87% 19.15 100% 1.61 98% 15.36 100%

QS group 1 376 3.10 100% 38.89 100% 2.23 100% 25.80 100%
QS group 2 250 2.43 100% 18.99 100% 1.81 100% 14.19 100%
QS group 3 304 0.18 51% -5.15 33% 0.67 62% 3.40 73%

Quote 314 3.27 83% 17.52 99% 1.66 93% 13.70 100%
QS group 1 133 3.38 100% 38.26 100% 2.34 100% 24.58 100%
QS group 2 80 2.37 99% 18.37 97% 1.80 100% 13.70 100%
QS group 3 101 3.84 64% -10.46 30% 0.65 58% -0.62 47%

Trade 305 2.15 95% 22.16 100% 1.51 99% 15.27 100%
QS group 1 108 3.42 100% 38.07 100% 2.21 100% 22.92 100%
QS group 2 94 2.72 91% 19.46 96% 1.57 95% 11.92 99%
QS group 3 103 0.30 54% 7.92 64% 0.72 67% 10.31 83%

Trade-at 311 0.46 55% 17.83 99% 1.65 80% 17.11 100%
QS group 1 135 2.57 94% 40.16 100% 2.15 100% 29.30 100%
QS group 2 76 2.12 97% 19.07 94% 2.11 100% 17.52 100%
QS group 3 100 -3.65 37% -13.25 25% 0.65 54% 0.35 51%
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Table 8: Di�-in-Di� results: NASDAQ Depth (BBO) and Volatility.

This table presents the mean di�erence-in-di�erences for each variable and the associated
t-tests for depth at the best prices, BBO, on NASDAQ (D0, in terms of the dollar value
of orders posted at the BBO), as well as changes in the bid-ask spread in the NASDAQ
market. We use two measures of changes in the bid-ask spread: the number of times the
bid and the ask changes within one minute (Changes (n)), and the number of aggressive
limit orders posted within one minute (Aggressive LOs).

The test looks at the average di�erence between matched treated and control assets, before

and after the introduction of a the Pilot. The column labeled D-in-D displays the mean

di�erence before and after the event in the mean di�erence between treated and controls.

For the di�erence in mean we run a t-test and report P(Mn), the probability of observing

the test statistic under the null (that the mean after the tick size change is strictly greater

(smaller if negative) than the mean before the change).

We consider the following samples: (i) the whole sample of treated companies (MATE),

(ii) the subgroups obtained by separating the treated assets by their treatment group

(Quote, Trade and Trade-at), and (iii) the subgroups obtained by separating the treated

assets according to their median average daily quoted spread: QSgroup 1 if the median

QS is between 1 and 5 cents, QSgroup 2 if the median QS is between 5 and 10 cents, and

QSgroup 3 for those with a QS greater than 10 cents (measured in cents, QS) during the

period September 6, 2016 - September 30, 2016.

D0 (NASDAQ, $) Changes (n) Aggressive LOs

QS GROUP OBS D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn)

MATE 930 5,037 100% -3.24 0.0% -1.82 0.0%

QS group 1 376 8,695 100% -3.39 0.0% -1.80 0.0%
QS group 2 250 3,707 100% -4.56 0.0% -2.59 0.0%
QS group 3 304 1,608 100% -1.97 0.0% -1.20 0.0%

Quote 314 5,794 100% -2.77 0.0% -1.56 0.0%

QS group 1 133 10,061 100% -2.42 0.0% -1.27 0.0%
QS group 2 80 4,013 100% -4.74 0.0% -2.67 0.0%
QS group 3 101 1,586 99% -1.66 0.0% -1.04 0.0%

Trade 305 5,077 100% -3.07 0.0% -1.70 0.0%

QS group 1 108 9,689 100% -3.43 0.0% -1.81 0.0%
QS group 2 94 3,733 100% -4.12 0.0% -2.30 0.0%
QS group 3 103 1,468 97% -1.73 0.0% -1.03 0.0%

Trade-at 311 4,234 100% -3.90 0.0% -2.19 0.0%

QS group 1 135 6,554 100% -4.32 0.0% -2.30 0.0%
QS group 2 76 3,352 100% -4.92 0.0% -2.85 0.0%
QS group 3 100 1,774 99% -2.54 0.0% -1.55 0.0%
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Table 9: Di�-in-Di� results: Realized Spread and Volatility.

This table presents the mean di�erence-in-di�erences for each variable and the associated
t-tests for the realized spread, and di�erent measures of price changes. The realized spread
is measured over a �ve-second horizon (RS(5sec)). We include three measures of price
changes. The �rst (Changes (cents)) measures the magnitude in cents of the changes in
the bid and the ask, the second (Daily V olat) measures the standard deviation of the
one-minute returns, and the third (30min V olat) measures the average standard deviation
of the one-minute returns over half hour intervals.

The test looks at the average di�erence between matched treated and control assets, before

and after the introduction of a the Pilot. The column labeled D-in-D displays the mean

di�erence before and after the event in the mean di�erence between treated and controls.

For the di�erence in mean we run a t-test and report P(Mn), the probability of observing

the test statistic under the null (that the mean after the tick size change is strictly greater

(smaller if negative) than the mean before the change).

We consider the following samples: (i) the whole sample of treated companies (MATE),

(ii) the subgroups obtained by separating the treated assets by their treatment group

(Quote, Trade and Trade-at), and (iii) the subgroups obtained by separating the treated

assets according to their median average daily quoted spread: QSgroup 1 if the median

QS is between 1 and 5 cents, QSgroup 2 if the median QS is between 5 and 10 cents, and

QSgroup 3 for those with a QS greater than 10 cents (measured in cents, QS) during the

period September 6, 2016 - September 30, 2016.

RS (5 sec) Changes (cents) Daily Volat 30min Volat

QS GROUP OBS D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn)

MATE 930 4.26 100% -5.64 0.0% -0.0017 22% -0.0008 2.5%

QS group 1 376 7.99 100% -2.10 0.0% 0.0016 69% -0.0004 23.1%
QS group 2 250 5.09 100% -6.86 0.0% -0.0024 27% -0.0007 16.9%
QS group 3 304 -1.04 34% -9.01 1.5% -0.0051 10% -0.0012 4.4%

Quote 314 4.57 100% -4.43 0.0% -0.0027 22% -0.0010 6.8%

QS group 1 133 7.26 100% -1.32 11.2% -0.0044 22% -0.0013 11.4%
QS group 2 80 4.72 100% -7.67 0.0% -0.0003 48% -0.0004 33.7%
QS group 3 101 0.90 59% -5.96 1.3% -0.0024 35% -0.0009 21.3%

Trade 305 2.74 95% -5.18 0.0% -0.0023 25% -0.0006 15.4%

QS group 1 108 7.23 100% -2.93 0.5% -0.0038 20% -0.0009 13.1%
QS group 2 94 3.65 93% -6.66 0.0% -0.0010 44% -0.0005 34.1%
QS group 3 103 -2.80 25% -6.17 3.0% -0.0018 39% -0.0004 36.0%

Trade-at 311 5.44 100% -7.31 2.9% 0.0000 50% -0.0007 17.6%

QS group 1 135 9.31 100% -2.21 0.8% 0.0119 97% 0.0008 75.4%
QS group 2 76 7.26 98% -6.26 0.9% -0.0063 22% -0.0012 21.3%
QS group 3 100 -1.17 40% -15.00 10.2% -0.0112 8% -0.0024 4.7%
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Table 10: Di�-in-Di� results: NASDAQ Depth.

This table presents the mean di�erence-in-di�erences for each variable and the associated t-
tests for cumulative depth in the NASDAQ market. Depth is measured at the best bid/ask
5 cents away from the best (Depth 5c), 10 bps away from the best (Depth 10bps), and 100
bps (1 per cent) away from the best (Depth 100bps).

The test looks at the average di�erence between matched treated and control assets, before

and after the introduction of a the Pilot. The column labeled D-in-D displays the mean

di�erence before and after the event in the mean di�erence between treated and controls.

For the di�erence in mean we run a t-test and report P(Mn), the probability of observing

the test statistic under the null (that the mean after the tick size change is strictly greater

(smaller if negative) than the mean before the change).

We consider the following samples: (i) the whole sample of treated companies (MATE),

(ii) the subgroups obtained by separating the treated assets by their treatment group

(Quote, Trade and Trade-at), and (iii) the subgroups obtained by separating the treated

assets according to their median average daily quoted spread: QSgroup 1 if the median

QS is between 1 and 5 cents, QSgroup 2 if the median QS is between 5 and 10 cents, and

QSgroup 3 for those with a QS greater than 10 cents (measured in cents, QS) during the

period September 6, 2016 - September 30, 2016.

Depth 5c Depth 10bps Depth 100bps

QS GROUP OBS D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn)

MATE 930 2,616 92% 1,870 97% 12,646 100%

QS group 1 376 4,832 85% 5,451 99% 16,198 97%
QS group 2 250 3,045 100% 470 73% 16,642 100%
QS group 3 304 -477 27% -1,408 6% 4,966 92%

Quote 314 6,018 98% 3,755 92% 17,845 98%

QS group 1 133 12,425 97% 9,280 94% 28,440 93%
QS group 2 80 3,564 97% 778 68% 20,483 99%
QS group 3 101 -476 34% -1,163 19% 1,802 63%

Trade 305 4,306 100% 1,377 93% 14,962 100%

QS group 1 108 10,259 100% 5,417 100% 23,975 100%
QS group 2 94 2,772 98% 209 57% 15,151 99%
QS group 3 103 -536 37% -1,792 17% 5,340 78%

Trade-at 311 -2,475 30% 450 67% 5,125 78%

QS group 1 135 -6,990 26% 1,707 80% -2,084 44%
QS group 2 76 2,838 97% 467 67% 14,443 99%
QS group 3 100 -418 36% -1,260 17% 7,775 91%
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Table 11: Di�-in-Di� results: Volume, Price Impact, and Variance Ratio.

This table presents the mean di�erence-in-di�erences for each variable and the associated t-
tests for volume, price impact, and the variance ratio. Volume (V olume (log)) is measured
as the logarithm of the total dollar value of all transactions (reported in the TAQ); the
price impact (PI (5sec)) is measured over a �ve second horizon; and, the variance ratio
(V ar Ratio) looks at the ratio of the intraday variance of the one minute midpoint returns
relative to that of the 15 second midpoint return.

The test looks at the average di�erence between matched treated and control assets, before

and after the introduction of a the Pilot. The column labeled D-in-D displays the mean

di�erence before and after the event in the mean di�erence between treated and controls.

For the di�erence in mean we run a t-test and report P(Mn), the probability of observing

the test statistic under the null (that the mean after the tick size change is strictly greater

(smaller if negative) than the mean before the change).

We consider the following samples: (i) the whole sample of treated companies (MATE),

(ii) the subgroups obtained by separating the treated assets by their treatment group

(Quote, Trade and Trade-at), and (iii) the subgroups obtained by separating the treated

assets according to their median average daily quoted spread: QSgroup 1 if the median

QS is between 1 and 5 cents, QSgroup 2 if the median QS is between 5 and 10 cents, and

QSgroup 3 for those with a QS greater than 10 cents (measured in cents, QS) during the

period September 6, 2016 - September 30, 2016.

Volume (log) PI (5 sec) Var Ratio

QS GROUP OBS D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn)

MATE 930 -0.185 0% 3.73 100% -0.010 1%

QS group 1 376 -0.101 13% 4.82 100% 0.003 69%
QS group 2 250 -0.135 15% 3.51 100% -0.019 1%
QS group 3 304 -0.332 1% 2.55 90% -0.017 2%

Quote 314 -0.079 24% 2.85 99% -0.018 1%

QS group 1 133 -0.060 34% 4.56 100% -0.007 22%
QS group 2 80 0.023 54% 3.07 97% -0.015 16%
QS group 3 101 -0.187 22% 0.42 56% -0.034 1%

Trade 305 -0.149 10% 4.85 100% -0.008 11%

QS group 1 108 -0.037 41% 4.34 100% 0.008 81%
QS group 2 94 -0.201 16% 3.25 95% -0.023 3%
QS group 3 103 -0.219 17% 6.85 95% -0.012 19%

Trade-at 311 -0.328 0% 3.51 100% -0.003 31%

QS group 1 135 -0.192 10% 5.46 100% 0.008 81%
QS group 2 76 -0.220 22% 4.29 99% -0.020 7%
QS group 3 100 -0.594 0% 0.29 54% -0.006 35%
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Table 12: Di�-in-Di� results: Hidden Liquidity.

This table presents the mean di�erence-in-di�erences for each variable and the asso-
ciated t-tests for hidden liquidity. We measure hidden liquidity in three ways: the
variable FINRA measures the market share of volume traded o�-exchange as reported
under the heading FINRA in the TAQ; the variable Hidden (log) measures the log
of the volume traded on NASDAQ that was executed against a standing hidden or-
der; and, Hidden (MIDAS) measures the fraction of hidden volume relative to total
volume as reported by MIDAS (https://www.sec.gov/opa/data/market-structure/
marketstructuredownloadshtml-by_security.html). Note that because of missing data
in MIDAS, the number of observations is slightly smaller for other variables.

The test looks at the average di�erence between matched treated and control assets, before

and after the introduction of a the Pilot. The column labeled D-in-D displays the mean

di�erence before and after the event in the mean di�erence between treated and controls.

For the di�erence in mean we run a t-test and report P(Mn), the probability of observing

the test statistic under the null (that the mean after the tick size change is strictly greater

(smaller if negative) than the mean before the change).

We consider the following samples: (i) the whole sample of treated companies (MATE),

(ii) the subgroups obtained by separating the treated assets by their treatment group

(Quote, Trade and Trade-at), and (iii) the subgroups obtained by separating the treated

assets according to their median average daily quoted spread: QSgroup 1 if the median

QS is between 1 and 5 cents, QSgroup 2 if the median QS is between 5 and 10 cents, and

QSgroup 3 for those with a QS greater than 10 cents (measured in cents, QS) during the

period September 6, 2016 - September 30, 2016.

FINRA Hidden (log) Hidden (MIDAS)

QS GROUP OBS D-in-D P(Mn) D-in-D P(Mn) OBS D-in-D P(Mn)

MATE 930 -0.46 8% -0.63 0.0% 826 -0.074 0.0%

QS group 1 376 0.61 92% -0.39 0.0% 338 -0.026 0.0%
QS group 2 250 -0.65 13% -0.64 0.0% 224 -0.074 0.0%
QS group 3 304 -1.63 1% -0.91 0.0% 264 -0.136 0.0%

Quote 314 2.26 100% -0.57 0.0% 284 -0.072 0.0%

QS group 1 133 3.45 100% -0.38 0.7% 119 -0.021 1.9%
QS group 2 80 1.93 99% -0.56 0.3% 76 -0.067 0.0%
QS group 3 101 0.93 79% -0.85 0.0% 89 -0.145 0.0%

Trade 305 1.82 100% -0.58 0.0% 270 -0.059 0.0%

QS group 1 108 3.63 100% -0.29 3.8% 102 -0.017 3.7%
QS group 2 94 0.68 76% -0.61 0.1% 81 -0.064 0.0%
QS group 3 103 0.97 81% -0.87 0.0% 87 -0.103 0.0%

Trade-at 311 -5.44 0% -0.73 0.0% 272 -0.092 0.0%

QS group 1 135 -4.60 0% -0.49 0.1% 117 -0.040 0.0%
QS group 2 76 -5.03 0% -0.78 0.0% 67 -0.096 0.0%
QS group 3 100 -6.88 0% -1.03 0.0% 88 -0.158 0.0%
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Table 13: Di�-in-Di� results: Inverted Fees and Exchange Groups.

This table presents the mean di�erence-in-di�erences for each variable and the associated
t-tests for di�erent groups of exchanges. Exchanges are grouped into di�erent categories.
The variable Inverted Fees measures the fraction of total volume traded on the group
of exchanges with inverted fee schedules (NASDAQ-BX, EDGE-A, BATS-Y); the variable
Mahwah (NY SE) measures the fraction of total volume traded on ICE exchanges located
in Mahwah, NJ (NYSE, NYSE-ARCA, NYSE-AMEX); the variable Seacaucus measures
the fraction of total volume traded on CBOE exchanges located in Seacaucus, NJ (BATS,
BATS-Y, EDGE-A, EDGE-X, CSE); and, Carteret(NQ) measures the fraction of total
volume traded on NASDAQ exchanges located in Carteret, NJ (NASDAQ-OMX, NASDAQ-
BX, and NASDAQ-PHX).

The test looks at the average di�erence between matched treated and control assets, before

and after the introduction of a the Pilot. The column labeled D-in-D displays the mean

di�erence before and after the event in the mean di�erence between treated and controls.

For the di�erence in mean we run a t-test and report P(Mn), the probability of observing

the test statistic under the null (that the mean after the tick size change is strictly greater

(smaller if negative) than the mean before the change).

We consider the following samples: (i) the whole sample of treated companies (MATE),

(ii) the subgroups obtained by separating the treated assets by their treatment group

(Quote, Trade and Trade-at), and (iii) the subgroups obtained by separating the treated

assets according to their median average daily quoted spread: QSgroup 1 if the median

QS is between 1 and 5 cents, QSgroup 2 if the median QS is between 5 and 10 cents, and

QSgroup 3 for those with a QS greater than 10 cents (measured in cents, QS) during the

period September 6, 2016 - September 30, 2016.

Inverted Fees Mahwah (NYSE) Seacaucus Carteret (NQ)

QS GROUP OBS D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn) D-in-D P(Mn)

MATE 930 3.66 100% -1.27 0% 1.13 100% 0.49 98%

QS group 1 376 4.96 100% -2.24 0% 1.35 100% 0.06 58%
QS group 2 250 3.23 100% -1.17 0% 1.63 100% 0.10 60%
QS group 3 304 2.41 100% -0.17 30% 0.44 88% 1.35 99%

Quote 314 2.61 100% -1.59 0% 0.24 83% -1.04 0%

QS group 1 133 3.51 100% -2.62 0% 0.29 80% -1.34 0%
QS group 2 80 2.44 100% -1.45 0% 0.83 97% -1.53 1%
QS group 3 101 1.57 100% -0.35 23% -0.30 29% -0.26 39%

Trade 305 2.75 100% -1.62 0% 0.47 96% -0.81 2%

QS group 1 108 3.60 100% -2.54 0% 0.16 67% -1.45 0%
QS group 2 94 2.45 100% -1.37 0% 0.89 99% -0.26 34%
QS group 3 103 2.14 100% -0.89 7% 0.40 76% -0.65 22%

Trade-at 311 5.61 100% -0.62 1% 2.66 100% 3.32 100%

QS group 1 135 7.48 100% -1.63 0% 3.33 100% 2.65 100%
QS group 2 76 5.04 100% -0.63 12% 3.38 100% 2.27 100%
QS group 3 100 3.53 100% 0.76 91% 1.21 94% 5.01 100%
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A Appendix

A.1 Variable Sources and Construction

We obtain data from several sources: CRSP, Total-View-ITCH, MIDAS, and

TAQ.

• CRSP: size, constructed using daily aggregate values,

• TAQ: volume, spread, and depth data, disaggregated by asset and venue.

• MIDAS: hidden volume.

• ITCH: the remaining market quality variables.

CRSP and MIDAS report daily aggregates. From TAQ we aggregate individual

transaction by asset and days. Quoted spreads and depth at the NBBO is time-

averaged within each minute, asset, and day. With the ITCH data we construct

daily averages of minute-by-minute intraday variables. We use this data to build

the complete NASDAQ order book for each day-asset to measure depth, spreads,

and related market quality variables.

We use NASDAQ data to complement aggregate TAQ data. NASDAQ data

is obtained via the ITCH dataset and allows us to reconstruct the whole order

book, which we cannot do with all exchanges. We have chosen to use NASDAQ

as representative as it is one of the dominant venues for trade and is a primary

market in the sense that the bid and ask at NASDAQ coincide with the NBBO

(National Best Bid and O�er) most of the time.45

The construction of market quality variables is delicate and hence we describe

the process in more detail. All relevant messages are used to construct the di�erent

market quality variables: those that use all messages are constructed every time

a message enters the market (for the corresponding asset), and those using only

45For example, ? (Table 3.8 ) document that on July 20th, 2013, the bid and ask in NASDAQ
coincided with the NBBO more than 60% of the time. ? document that this coincidence of best
prices is 85% or more than 85% during the months of January and February 2015 on a selected
sample of 14 large companies.
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executions, e.g. the e�ective spread, every time an order is executed. These

variables are aggregated every minute for every asset-trading day. To avoid start-

and end-of-day e�ects we drop information from the �rst and last half-hour of

trading. We winsorize the minute-by-minute variables at the 0.5th (left tail) and

99.5th (right tail) percentile for each stock, and variable (i.e. for each stock,

we take every variable and set the value of the realizations below (above) the

0.5th (99.5th) percentile to the value at the 0.5th (99.5th) percentile) separately.46

Using the winsorized minute-by-minute variables, we calculate daily means and

standard deviations. Our analysis is done with these daily averages.

Variables: CRSP and MIDAS

• Sizei: median daily size (CRSP) during September (used during the match-

ing procedure)

• Hiddeni: hidden volume volume (MIDAS), the ratio of the daily sum of the

hidden trade volume divided by the sum of all trade volume in percent

TAQ-based variables

• V olumei,t: (log of) volume (in dollar terms) aggregated across all venues for

asset i on date t.

• FINRAi,t: percentage of total (dollar valued) trade executed outside regular

exchanges and reported to FINRA for asset i on date t.

• Mahwah−NY SEi,t: percentage of total (dollar valued) trade executed at

venues located at the Mahwah datacenter (NYSE, ARCA, AMEX) for asset

i on date t.

• Carteret − NSDQi,t: percentage of total (dollar valued) trade executed

46Minutes without observations are dropped. This is particularly relevant for e�ective spreads,
as our sample contains infrequently traded assets that may have a substantial proportion of
minutes without trading (and hence without e�ective and realized spreads, or price impact
measures).
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at venues located at the Carteret datacenter (NSDQ, NQBX, NQPHX) for

asset i on date t.

• Secaucusi,t: percentage of total (dollar valued) trade executed at venues

located at the Secaucus datacenter (BATS, BATY, EDGA, EDGE, CSE)

for asset i on date t.

• InvertedFeei,t: percentage of total (dollar valued) trade executed at venues

with inverted fees (BATY, EDGA, NQBX) for asset i on date t.

• TAQQScenti,t. Quoted spread in cents for asset i is the time-weighted (by

millisecond) average, over minute t, of (at − bt) where at is the best ask, bt
the best bid, and t indexes observations within a minute. We also calculate

Relative Quoted Spread in basis points QSbpsi,t where TAQQSbpsi,t is the

time-weighted average of (at − bt)/mt, the quoted spread divided by the

prevailing midquote (mt).

• TAQD0i,t. Depth for asset i is calculated as the sum of the total US dollar

value resting on the NBBO time-weighted over minute t.

ITCH-based variables

• AgressiveLOsi,t. Number of limit orders posted inside the spread, that is,

at prices between the bid and the ask, for asset i during minute t.

• QScenti,t. Quoted spread in cents for asset i is the time-weighted (by mil-

lisecond) average, over minute t, of (at − bt) where at is the best ask, bt

the best bid, and t indexes observations within a minute. We also calculate

Relative Quoted Spread in basis points QSbpsi,t where QSbpsi,t is the time-

weighted average of (at−bt)/mt, the quoted spread divided by the prevailing

midquote (mt).

• EScenti,t. E�ective spread in cents for asset i is an intra-minute average

of Dt(pt − mt). Here, Dt is a direction indicator for the trade at t (+1
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for an aggressive buy and −1 for a sale), pt is the trade price and mt the

prevailing midquote (prior to an execution). Trade directions are available

from the data and do not need to be estimated. The within-minute average

spread is computed by weighting each observation by trade size. We also

calculate Relative E�ective Spread in basis points ESbpsi,t where ESbpsi,t

is the time-weighted average of Dt(pt −mt)/mt, the quoted spread divided

by the midprice (mt).

• RSi,t,5sec. Realized spread for asset i is an intra-minute average of Dt(pt −

mt+5sec)/mt. Here, Dt is a direction indicator for the trade at t (+1 for an

aggressive buy and −1 for a sale), pt is the trade price and mt+5sec is the

midquote 5 seconds later.

• PIi,t,5sec. Price Impact for asset i is an intra-minute average of Dt(mt+5sec−

mt)/mt. Here, Dt is a direction indicator for the trade at t (+1 for an

aggressive buy and −1 for a sale), and mt is midquote, and mt+5sec is the

midquote 5 seconds later.

• DXi,t. Depth for asset i is calculated as the sum of the total US dollar

value resting on the limit order book within X ∈ {0, 5c, 10bps, 100bps}

basis points of the best bid and ask, again time-weighted over minute t.47

• V olati,t. Daily Volatility measured as the standard deviation of the minute-

by-minute return for asset i on date t.

• 30minV olati,t. The average standard deviation of the one-minute returns

over previous half hour for asset i in minute t.

• Changesni,t. The number of changes in quotes (Bid or Ask) within minute

t for asset i.

47The variable DXi,0 measures depth at the best price (bid/o�er). In contrast to the usual
depth measures which are limited by the availability of data on the limit order book, our measure
of depth is constructed measuring depth at given distances relative to the current best bid/ask,
in dollar value (5 cents), and in percentage terms, rather than a given number of levels away. A
number of recent studies, e.g. ?, also use this measure of depth measured in percentage terms
relative to the BBO, as well as the sta� at the SEC: ?.
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• ChangesCentsi,t. The dollar (cent) value of changes in quotes (Bid or Ask)

within minute t for asset i. For each change in the bid or ask, we calculate

the number of cents the bid/ask moves, and aggregate across all changes in

the bid/ask.

• V arRatioi,t. The variance ratio is measured as: |1− V R|, where V R is the

ratio of the 30 minute variance of the return measured over 1 minute intervals

relative to the 30 minute variance of the return measured every 15 seconds

(corrected for the di�erence in interval lengths): V R = σ2
1min/4σ

2
15sec.
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