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Abstract

Large trades have a disproportionally smaller price impact than medium-sized

trades. So far, the literature has attributed this effect to the informational content

of trades. In this paper, we show that this effect can arise from strategic order

placement. We introduce the concept of a liquidity elasticity, measuring the re-

sponsiveness of liquidity demand with respect to changes in liquidity supply, as

a major driver for a declining trade impact per share. Empirical evidence based

on NASDAQ stocks strongly supports theoretical predictions and shows that the

aspect of liquidity coordination is an important complement to rationales based

on asymmetric information.
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1 Introduction

Information on financial markets is aggregated through trading. A key aspect in market

microstructure analysis and financial practice is to understand which trades move prices

and by how much. In their seminal paper, Barclay and Warner (1993) show that 92%

of a stock’s cumulative price change over a given period takes place on medium-size

trades. Since these trades, however, contribute significantly less to total trading volume

and the total number of shares, their relative price impact (per share) is significantly

higher than for small-size and large-size trades. This gave rise to the so-called stealth

trading hypothesis that privately informed traders concentrate on medium-size trades.

This hypothesis is in line with classical information-based theory (e.g., Kyle (1985))

suggesting that (large) informed traders slice their orders into smaller pieces in order

to avoid revealing too much information to other traders.

Over the past two decades, the stealth trading hypothesis has received much atten-

tion due to a large body of confirming empirical evidence. Chakravarty (2001), Blau

et al. (2009) and Ascioglu et al. (2011) replicate the methodology of Barclay and Warner

(1993) and confirm the price-size regularity based on data from the New York Stock

Exchange (Chakravarty (2001) and Blau et al. (2009)) and Tokyo Stock Exchange (As-

cioglu et al. (2011)).1 While the separation between small-size and medium-size trades

is not necessarily clear-cut on all markets, one central finding is common to basically all

studies: the per-share trade-to-trade price change of small-size or medium-size trades is

significantly larger than that of large-size trades. This result is strikingly robust across

markets, assets and methodologies, and is also confirmed by studies focusing on price

effects over longer intervals.2

One way of formalizing the disproportionally larger impact of medium-size trades

compared to large-size trades is to study the trade impact per share (TIPS), which –

according to the stealth trading hypothesis – should be a declining function in trade

size. Recent evidence from NASDAQ trading reveals that this negative relationships

even holds instantaneously. Figure 1 shows estimates of the average TIPS, computed

as the per share difference between the mid-quote instantaneously before and after a

trade, as a function of trade size for all 100 stocks in the NASDAQ 100 composite index

through the first quarter of 2014. As shown in this paper, this is a common regularity

1For instance, Chakravarty (2001) find that medium-sized trades account for roughly 47% of trade

volume and their contribution to overall price changes is around 78%. In contrast, large orders account

for about 51% of trade volume but their contribution to overall price changes is just 25%.

2Employing error-correction methodology for changes in log ask and bid quotes at NYSE, Engle

and Patton (2004) come to the same conclusion. Alexander and Peterson (2007) use 5-minute price

changes, Frino et al. (2010) employ returns over intervals covering several trades, and Menkhoff and

Schmeling (2010) focus on the long-run impact which is estimated based on a structural VAR process.

Anand and Chakravarty (2007) report similar effects based on options data by quantifying information

shares according to Hasbrouck (1995).
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which strongly holds for a wide range of stocks across the NASDAQ universe.

Figure 1: Nonparametric estimates of the trade impact per share (TIPS) for all

stocks in NASDAQ 100. The grey lines correspond to nonparametric estimates of the trade

impact per share for the individual stocks. The solid line is the pointwise cross-sectional median

of the stockwise estimates. The dashed lines are the cross-sectional 2.5% and 97.5% pointwise

quantiles of the stockwise estimates.
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The empirical evidence in support of the stealth trading hypothesis, however, is

not fully conclusive. The underlying economic rationale typically builds on the theory

of investor’s trade-size choices in the spirit of Kyle (1985) and Admati and Pfleiderer

(1988). In equilibrium, market makers infer from the size of a trade on the potential

informational content and accordingly adjust their quotes. Such a framework is natural

to explain the relationship between trade size and price changes over longer time spans

(as in Alexander and Peterson (2007), Frino et al. (2010) and Menkhoff and Schmeling

(2010)) or in classical market maker markets with comparably low trading frequencies as

analyzed by Barclay and Warner (1993). Trade-to-trade price changes in liquid markets

(as, e.g., analyzed by Ascioglu et al. (2011)) or even instantaneous price changes around

trades in electronic order driven markets markets as illustrated by Figure 1, however,

are not easily explained by the information content of trade sizes.

In this paper, we provide an alternative explanation for the price-size regularities

observed in nowadays data. We theoretically and empirically show that time-varying

liquidity is a major driver of the observed effect. Our findings contribute to the ongoing

literature by adding a perspective which in the given context has been widely ignored

so far and complements the reasoning beyond the argument of stealth trading. The in-

tuition for the underlying mechanism builds on two effects. First, traders face liquidity
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costs in public limit order book markets and therefore strategically select the timing

and location of their trades. This strategic selection ensures that market orders are

submitted at times of high market liquidity supply. The price impact of strategically

placed orders is therefore lower as for randomly placed orders. Secondly, the strategic

placement of orders is more important for large orders than for smaller orders as large

orders face higher downside costs when they trade in illiquid periods. Consequently,

large market orders have a disproportionally lower impact on prices than smaller or-

ders. We therefore argue that stealth trading is not necessarily a pre-condition for the

price-size regularity observed in Barclay and Warner (1993). It rather (or addition-

ally) arises from the interaction of time-varying market liquidity and strategic order

placement.

Our theoretical setting is based on a simple one-period limit order book model,

where traders arrive randomly at the market but have discretion over the timing and

placing of their orders. We assume that traders are pre-committed to trading in the

sense that they are supposed to liquidate a given volume over a given time horizon.

Their trading costs are determined by the limit order book depth determining the

expected price of a market order. Assessing prevailing order book liquidity, traders

can either submit market orders or can defer their trade decision to the future. This

strategic placement is particularly important for large market orders which generally

cause significant imbalances between the demand and supply side of liquidity and thus

non-trivial price reactions. In our theory, however, large imbalances do not occur since

rational traders avoid submitting large orders in illiquid periods but tend to synchronize

their order placement with prevailing market liquidity.

Strategic order placement thus induces a link between time-varying liquidity supply

and order placement decisions. To quantify the strength of this relation, we introduce

the concept of a so-called liquidity elasticity. It measures the responsiveness of the

demand side of liquidity with respect to changes in the underlying supply side (i.e., order

book depth) due to strategic order placement. We show that the liquidity elasticity is a

key concept for understanding the price-size effect. A high liquidity elasticity indicates

a strong strategic placement of (large) orders, i.e., (large) orders tend to cluster at

times when order book liquidity is high. Conversely, a small liquidity elasticity reveals

that decisions on order placements are random. We empirically and theoretically show

that a sufficiently high market liquidity elasticity induces a downward sloping TIPS

profile as in Figure 1, causing larger market orders to have a proportionally smaller

price impact.

We show, moreover, that there is a second channel driving the price-size effect,

which arises from the shape of the prevailing limit order book. When the order book

depth is comparably small on top of the book but is more concentrated deeper in the

book, larger orders cause a disproportionally smaller price impact than smaller orders
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since marginal shifts in the order book due to liquidity retraction decline with order

size. Thus, downward sloping TIPS may also arise in a market where trade decisions

are purely random, as long as the depth per price level is increasing if one moves away

from the best quotes.

Our theory provides a structural condition for the link between the monotonicity

of a downward-sloped TIPS profile and the combined effect of both channels, i.e.,

liquidity elasticity and the order book shape. Under flexible parametric assumptions

for the distribution of limit order book depth across prive levels and the functional form

of the liquidity elasticity, this structural condition boils down to a non-linear restriction

on parameters resulting from price impact regressions and regressions of order book

depth on trading volumes. Nonparametric regression analysis based on message-level

data from the NASDAQ100 composite index from January to April 2014 provides

convincing support for the imposed functional forms and the validity of underlying

parametric (log-linear) regressions. We find strong empirical support for our theoretical

predictions and the implied monotonicity of declining TIPS profiles. We particularly

show that depth on top of the book is a key determinant of strategic order placement

and thus is an attractor of liquidity demand. Consequently, it is a major driving force

behind the monotonicity of TIPS, explaining the price-size regularity as observed in

Barclay and Warner (1993).

To identify which stocks are mostly affected by the underlying effects, we analyze

the cross-sectional variation of the estimated liquidity elasticity, the order book shape

and the structural TIPS monotonicity condition. We relate them to stock-specific

liquidity characteristics, such as the quoted bid-ask spread, overall market depth and

trading volume. We show that the liquidity elasticity and therefore a downward sloping

TIPS profile is more pronounced in liquid markets. This confirms the findings in Barclay

and Warner (1993) and Chakravarty (2001) who argue that the size-price effect is more

prevalent in markets with institutional investors. Our theory thus suggests a different

rationale. While Barclay and Warner (1993) interpret the pronounced size effect in

liquid markets as evidence for more informed trades from institutional investors, our

model shows that these effects can alternatively (or additionally) arise from liquidity

coordination effects.

Several other theoretical papers have studied the role of market liquidity. However,

these studies mainly focus on the effect of market design aspects on market liquidity (see

Parlour and Seppi (2003), Hendershott and Mendelson (2002), Foucault and Menkveld

(2008) and Foucault et al. (2013)). In contrast, we analyze how liquidity itself affects

the price formation process without making assumptions on possible asymmetric infor-

mation. In this sense, our paper is in the spirit of the framework by Cebiroglu et al.

(2014) studying the effects of order display on liquidity coordination and contributing

to the literature on non-informational effects in explaining the price formation process.
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This enables us to provide a complemenatry perspective to the information-driven

arguments by Barclay and Warner (1993). While the latter effects certainly do play

a role in the price formation process, market liquidity, nevertheless, dominates a wide

spectrum of trading decisions, which in turn, affect the price formation process. This

is evidently so, as most of trading decisions, nowadays, are channeled to markets via

dedicated brokerage services, irrespective of a trader’s underlying motif, informed or

not. Broker services are typically specialized in trading orders so as to minimize their

client’s transaction costs. Thus, eventually at this stage, the process of trading be-

comes influenced by liquidity considerations, which ultimately leads to distinct price

effects. Hence, by linking the observed price-size regularities in high-frequency data to

rather mechanical effects in liquid electronic limit order book markets, we provide a

valuable aspect to the empirical asset pricing literature showing that market liquidity is

a key aspect in explaining hitherto unresolved price regularities, see, e.g., Amihud and

Mendelson (1986), Brennan and Subrahmanyam (1996), Stoll (2000), Chordia et al.

(2001), Holmström and Tirole (2001), Pastor and Stambaugh (2003), O’Hara (2003),

Acharya and Pedersen (2005), Avramov et al. (2006), Sadka (2006) and Bekaert et al.

(2007).3

Our paper is structured as follows. In Section 2, we introduce the trade-impact-

per-share measure TIPS and outline the underlying framework for the modeling of

price changes in a limit order book market with noise traders. In this market, we will

show that a decreasing TIPS can solely arise by virtue of the order book shape. In

Section 3, we extend the theory to include traders with strategic order submissions and

analyze how liquidity and order book shape are capable of determining a decreasing

TIPS. Section 4 empirically investigates the TIPS and the role of the order book shape

and liquidity in determining its shape using tick data from the NASDAQ 100. We

formulate testable predictions that can be taken to the data and provide nonparametric

evidence for the models used to formally test the predictions. The results indicate that

there is strong evidence for a decreasing TIPS, which is mainly driven by liquidity

considerations. Finally, Section 5 concludes.

2 Trade Impact in Limit Order Book Markets

2.1 Trade Impact per Share

Let ti and xi > 0 (i ∈ N) denote the random times and sizes of trades, respectively.

For convenience and without loss of generality, throughout this paper, we focus on buy

market orders. Implications for sell market orders are derived analogously.

3Further evidence is reported in Lakonishok et al. (1992), Eleswarapu and Reinganum (1993), Datar

et al. (1998), Vayanos (1998), Vayanos and Vila (1999), Chan and Fong (2000), Chordia et al. (2002),

Amihud (2002), Huang (2003), Chordia et al. (2008), Narayan and Zheng (2010), Chordia et al. (2014).
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Let pi and pi+1 denote the price immediately before and after a trade execution.

We define the total price impact of a trade of size xi by

∆(xi) := pi+1(xi) − pi, (1)

where the notation pi+1(xi) highlights the dependence of the price in ti+1 on the trade

size xi chosen in ti. We assume that for a given trade size x, ∆(x) is a random variable.

The (conditionally) expected trade impact per share (TIPS) is then defined as

δ(x) := E

[
1

xi
∆(xi)

∣∣∣∣xi = x

]
=

1

x
E[∆(x)] (2)

for a given trade size x. The price-size regularity as observed by Barclay and Warner

(1993) implies that, on a per-share basis, large orders have a lower price impact than

smaller orders, i.e.,

δ(xS) > δ(xL), xS < xL, (3)

where xS denotes a medium or small trade size, and xL denotes a large trade size.

Hence, the observed price effect providing basis for the stealth trading hypothesis is

linked to the monotonicity of δ(x) in the trade size x. Henceforth, we assume that δ(x)

is differentiable in x. We then define a market exhibiting a decreasing TIPS if δ(x) is

monotonically decreasing for sufficiently large trades, i.e., if

δ′(x) < 0

for x > 0.

2.2 A Limit Order Book Model

The key feature of a limit order book market is the central order book which aggregates

outstanding limit orders according to a price-time priority convention. Let di ∈ R
+ de-

note the cumulative order book depth at ti and Fi the cumulative distribution function

of sell-side market depth, characterizing how depth is distributed across price levels.

Finally, let ai denote the prevailing best ask price.

In order to make the analysis tractable, we make the following assumptions. First,

the cumulative density function (c.d.f.) of market depth is time-invariant, i.e., Fi = F

for all i ∈ N. Second, price levels take on continuous values in R
+.4 Third, F possesses

a continuous density f ≥ 0, such that

F (∆) =

∫ ∆

0
f(p)dp, (4)

and F (.) having a unique inverse function F −1(.).

4This assumption should especially hold for stocks that are traded at high price levels, where the

relative price variation (or relative tick size) is small.
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As shown in Figure 2, F (∆) represents the proportion of order volume standing

between the price level ai and ai + ∆, instantaneously before the arrival of the ith

market order. Hence, if di is the total order volume on the sell side, then the total

number of shares standing between prices ai and ai + ∆ is given by

d∆
i := diF (∆) = di

∫ ∆

0
f(p)dp. (5)

Note that di = lim∆→∞ d∆
i because lim∆→∞ F (∆) = 1.

Figure 2: Illustration of the sell-side order book distribution at price level ∆ inside

the book. According to (5), the integral d∆
i

= di · F (∆) = di

∫ ∆

0
f(p)dp represents the total

(cumulative) order book volume between the prevailing best ask price ai and ai + ∆.

di · f(∆)

∆

di · F (∆)

Equation (5) gives the central link between the trade impact and the trade size.

Accordingly, a buy market order of xi = d∆
i shares shifts the prevailing best ask price

by ∆. Therefore, in a limit order book market with order book shape distribution F

and total depth di, we obtain the trade impact by inverting (5), i.e.,

∆(xi) = F −1
(

xi

di

)
. (6)

Thus, the price impact of a trade of size xi is just the value of the quantile function

of the limit order distribution function F −1(), evaluated at the ratio of the executed

volume to the overall standing order volume, xi/di. Hence, together with (2), the TIPS

can be written as

δ(x) =
1

x
E

[
F −1

(
xi

di

)∣∣∣∣xi = x

]
=

1

x
Ex

[
F −1

(
xi

di

)]
, (7)

where Ex[.] denotes the conditional expectation E[.|xi = x].

2.3 Power-Law Shaped Order Books

To further characterize the TIPS, we assume a power-law for the order book shape.

The power-law family is sufficiently flexible to capture a wide range of realistic order
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Figure 3: Illustration of power-law order books (di ·f(∆)) for the sell-side of the order

book. The order book shapes are shown for different parametric specifications according to

(8). We assume di = 3000 shares, ∆ = 1$, and α varying between 0 and 2.5.
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Let denote ∆ the highest ask price prevailing in the book. Then, the power-law

specification of the sell-side order book satisfies

f(∆) =





A∆
1

α
−1 if ∆ < ∆,

0 otherwise,
(8)

with α > 0 and A denoting a normalization constant. The normalization restriction

lim∆→∆ F (∆) = 1 implies A = 1/(α
α
√

∆). Figure 3 illustrates the resulting order book

shapes for different values of α. We observe a high flexibility of the power-law function

with α < 1 (α > 1) implying upward (downward) sloped order book shapes.

In this setting, the trade impact ∆(xi) can be easily derived. Integrating f(∆)

with respect to ∆, we obtain F (∆) = αA∆
1

α for 0 ≤ ∆ ≤ ∆. Using (6), we obtain the

resulting trade impact as

∆(xi) = ∆

(
xi

di

)α

. (9)

Hence, power-law shaped order books generate power-law trade impact functions, which

have been extensively studied in the literature. For instance, many studies suggest that

price impact functionals follow a square-root law.5

5A linear price impact (α = 1) is assumed in a range of studies focusing on optimal trade execution

strategies, see, e.g., Bertsimas and Lo (1998), Almgren (2001), Almgren and Chriss (1999), Almgren

(2003a), Alfonsi et al. (2010), Alfonsi and Schied (2010) or Obizhaeva and Wang (2013). Various other
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Exploiting (2) and (9), we can calculate TIPS as

δ(x) =
∆

x
· Ex

[(
xi

di

)α]
= xα−1 ∆ · Ex

[(
1

di

)α]

︸ ︷︷ ︸
=:K(x)>0

=: xα−1K(x), (10)

where Ex[.] := E[.|xi = x] and K(x) := ∆Ex[d−α
i ] with K(x) > 0 since di > 0.

Accordingly, a decreasing TIPS (i.e., δ(x)′ < 0 ) arises if and only if

(α − 1)K(x) + xK ′(x) < 0 (11)

for all x ≥ 0. Hence, the monotonicity of TIPS and of the order book shape are linked

and depend on α. The condition (11), however, also depends on the interaction between

the market liquidity di and the trade volume xi as captured by the term K ′(x). The

latter captures the sensitivity of Ex[d−α
i ] with respect to changes of the trade size x.

This term vanishes as long as market depth di and trade volume xi are conditionally

independent implying K ′(x) = 0. This benchmark case arises if the market order

traders are noise traders who submit their orders randomly and independently from

market prices and liquidity. In this case, trade sizes xi and liquidity di are independent

and therefore

Ex

[(
1

di

)α]
= E

[(
1

di

)α]
= K = const. (12)

implying K ′(x) = 0.

In this case, (11) simplifies and the shape of TIPS is entirely driven by α. This is

summarized in the following lemma:

Lemma 1 (Decreasing TIPS under Noise Trading). If market order traders are noise

traders implying K ′(x) = 0, TIPS is decreasing in x (i.e., δ′(x) < 0) if and only if

α < 1. (13)

Accordingly, α < 1 implies an upward sloping order book shape. Hence, if the

order book shape is monotonically increasing (see Figure 3), the per-share price impact

of a trade is monotonically declining. In this case, a decreasing TIPS arises from a

simple mechanical effect of liquidity consumption as illustrated in Figure 4.

Thus, even in this very simple setting without information asymmetry or strategic

order submission behavior, we obtain a decreasing TIPS solely by virtue of the order

book shape.

theoretical and empirical studies suggest non-linear power laws for the price impact such as the square-

root law (α = 1/2), see, e.g., Lillo et al. (2003), Gabaix et al. (2003), Almgren (2003b) and Bershova

and Rakhlin (2013).

10



Figure 4: Absolute trade impact and TIPS functional in power-law order books. For

a given trade size xi, the figure below illustrates the absolute trade impact ∆(xi) as of (9)

and the per-share trade impact (TIPS) δ as of (2) under a power-law book specification as of

(8). The trade impact functions are shown for the same realizations of α as in Figure 3 (with

identical colors). We set ∆ = 1$ and di = 3000 shares, corresponding to a realistic scenario for

stocks that trade above 80$. The trade size xi is given in number of shares, whereas ∆(xi) is

given in dollars and δ(xi) (TIPS) is given in Dollar/share.
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3 TIPS under Strategic Order Submission

The assumption of pure noise trading may be unrealistic as traders generally act strate-

gically when they submit their orders, even when they are uninformed. In fact, (un-

informed) brokers carefully choose the timing and placement of their orders in order

to guarantee best execution.6 Therefore, it is more realistic to assume that market

liquidity di and trade volume xi are generally interrelated implying that K ′(x) 6= 0.

We moreover assume that traders are pre-committed, that is, they need to trade

an order of a specific size (due to informational or other reasons). The trader, however,

has the strategic freedom about the timing of the trade, i.e., he may postpone his trade

when trading is expected to be costly.

3.1 The Traders’ Trading Decision

We assume that at ti, a risk-neutral trader enters the market who needs to buy ni

shares. Denote the trader’s decision variable by σ. The trader can trade at ti at the

price provided by the limit order book (σ = trade) and thus his trading volume equals

xi = ni. In this case, he faces transaction costs Πprime(ni, di) implied by his trading

volume ni and the depth di currently prevailing on the (primary) market. Alternatively,

he can defer his trade to the future (i.e., σ = defer) with xi = 0. Postponing the trade

implies that the trader is neither explicit about the timing nor about the trading

6Brokerage businesses that operate client orders from institutional investors or hedge funds are

specialized in optimal trading strategies that guarantee best execution. Most of these trading strategies

internalize the liquidity of the market when they process client orders.
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platform chosen for his (future) transaction. While he rules out to trade at ti on

the primary market, he may also decide to choose another trading platform (e.g., an

upstairs market or brokerage network). We generically denote the resulting (expected)

trading costs by Πother. Consequently, the trader’s transaction costs Π depending on

σ can be written as

Π(σ, di, ni) =





Πprime(ni, di) if σ = trade,

Πother(ni) if σ = defer.
(14)

We define Π as the so-called shortfall costs, i.e., the achieved price in excess of the best

ask ai. Thus, when the trader submits a buy market order of ni shares, the transaction

costs Πprime are given by

Πprime(ni, di) = di

∫ ∆(ni)

0
f(p)pdp = di

∫ F −1(ni/di)

0
f(p)pdp

=
∆ · di

α + 1

(
ni

di

)α+1

.

(15)

The upper bound ∆(ni) corresponds to the shift of the best ask price when ni shares

of market depth are matched by the order, which, according to (9) equals ∆(ni) =

F −1(ni/di) = ∆

(
ni

di

)α

. Note that at time ti, Πprime is known and thus deterministic,

because the order book is observed.

In case the trader decides to defer his trading decision (or to move to another

trading platform), we assume that he has an expectation of the per-share transaction

costs, µ. Accordingly, the expected costs of trading at another point of time or on an

alternative market are given by

Πother(ni) = (µ + ξ)ni, (16)

where ξ is a zero-mean random variable representing uncertainty in commissions or

costs associated with off-exchange trading. Note that (16) is a linear pricing rule, which

is generally considered to be consistent with the trading practice on trading venues,

such as dark pools or upstairs brokerage markets (see, e.g., Keim and Madhavan (1996),

Booth et al. (2002) or Harris (2003)).

We assume that the trader’s objective is to choose the trading venue (or trade

timing) that minimizes his expected transaction costs. Thus, his optimal choice is

σ∗
i = arg min

σ∈Σ
Ei[Π(σ, di, ni)], (17)

with Σ := {trade, defer} and Ei denoting the expectation taken at time ti. The trader

chooses to trade on the primary limit order book market at time ti if and only if

Πprime < Ei[Π
other]. This decision depends on the market liquidity di, off-exchange

per share trading costs µ and the trade size ni. The following lemma summarizes the

optimal decision rule and the resulting executed trade volume xi in the primary market.
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Lemma 2 (Optimal Trade Decision). The trader’s optimal trading strategy σ∗
i at time

ti satisfies

σ∗
i =





trade if µ > Φ(ni

di
),

defer else,
⇔ xi =





ni if µ > Φ(ni

di
),

0 else.
(18)

with Φ(y) = 1
y

∫ F −1(y)

0
f(p)pdp being the per-share transaction costs of a trade in the

primary market that consumes a proportion of y of overall liquidity in the book.

Proof: See Appendix.

Hence, if the expected per-share transaction costs for deferring the trade, µ, are

large relative to the current per-share transaction costs, Φ(), the trader prefers to defer

his trade to the future. The market liquidity di thus affects the trade size decision xi

through its impact on the per-share trading costs Φ(ni/di). A higher depth di reduces

the per-share trading costs and thus makes it more likely to trade at ti in the primary

market. This is easily seen by the fact that Φ is a monotonously increasing function of

ni/di. Hence, a higher depth di attracts more market order submissions by virtue of

reduced trading costs. This makes di and xi being positively correlated.

We take the perspective of a liquidity demander who strategically posts his order

in response to the currently observed liquidity supply. From an empirical perspective,

this perspective is natural as market depth di is known before trading volume xi is

placed. Given the research questions to be addressed in this paper, it is sufficient to

keep this strategy and to model liquidity demand xi while treating liquidity supply di

as being exogenous.

As a natural and convenient characterization for the interdependence between di

and xi, we introduce the concept of a liquidity elasticity, defined as

EL(x) := x · g′(x)

g(x)
, (19)

where g(x) := E[di|xi = x] denotes the expected depth when a trade size xi is executed

at ti. A high liquidity elasticity indicates that liquidity supply strongly attracts liquidity

demand. Based on the analysis in this sub-section, we can therefore conclude that in

markets when order submission is strategic, the liquidity elasticity is positive, i.e.

EL(x) > 0 for all x. (20)

In the following sub-section, we will show that the liquidity elasticity EL(x) is a key

determinant of a decreasing TIPS which in turn is a major driver of the price-size

regularities according to Barclay and Warner (1993).
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3.2 Liquidity Elasticity and Decreasing TIPS

Defining the conditional expectation of the total price impact of a trade ∆(xi) =

pi+1(xi) − pi by

∆̃(x) := E[∆(xi)|xi = x] := Ex[∆(xi)],

we can re-write the definition of TIPS according to (2) as δ(x) = ∆̃(x)/x. Its first-order

derivative δ′(x) is then obtained by

δ′(x) =
1

x

(
∆̃′(x) − ∆̃(x)

x

)
=

1

x

(
∆̃′(x) − δ(x)

)
. (21)

To conveniently express the condition for a monotonously decreasing TIPS, δ′(x) <

0, in terms of EL, we decompose di into its conditional expectation g(xi) := E[di|xi]

and an error term,

di = g(xi) + ǫi, (22)

with ǫi := di − g(xi), and E[ǫi|xi = x] = 0. Inserting (22) into (6) and applying a

Taylor expansion in the error term around ǫi = 0 yields

∆(xi) = F −1
(

xi

g(xi) + ǫi

)

= F −1
(

xi

g(xi)

)
− 1

f

(
F −1

( xi

g(xi)

)) xi

g(xi)2
ǫi + R︸︷︷︸

≈0

,
(23)

where R denotes the remainder term, which can be neglected for small deviations of

di from its conditional expectation, i.e., ǫi ≈ 0. Suppose that we are in a “small noise

setting” and can show

∆̃(x) := Ex[∆(xi)] ≈ F −1
(

x

g(x)

)
(24)

as well as

∆̃′(x) ≈
[
F −1

(
x

g(x)

)]′

=
1

g(x)f(F −1(x/g(x)))

(
1 − x

g′(x)

g(x)

)

=
1

g(x)f(F −1(x/g(x)))

(
1 − EL(x)

)
.

(25)

Defining

Ψg,f(x) :=
g(x)

x
f(F −1(x/g(x)))F −1(x/g(x)) (26)

and exploiting (24) and (25) we obtain a first-order inequality for a decreasing TIPS

as provided in the following proposition.
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Proposition 1 (Decreasing TIPS). Let f be the density of the limit order book shape

distribution F given in (4) and x be the trade size. Then, TIPS is monotonously

decreasing, i.e., δ′(x) < 0, if and only if

1 − Ψg,f (x) < EL(x) ∀ x > 0. (27)

Proof: See Appendix.

The above argument, in particular the approximations in (24) and (25), leading

to the nice characterization of decreasing TIPS is only heuristic. In the appendix

we formalize the approximations in (24) and (25) in a setting relevant to our empirical

investigation and are able to establish testable sufficient conditions for decreasing TIPS.

The inequality (27) is determined by the two factors EL(x) and Ψg,f (x). Note, that the

liquidity elasticity EL(x) essentially only depends on g(x) and measures the degree of

liquidity coordination in the market, whereas Ψg,f(x) depends on g(x) and the order

book shape via f(x). Thus, a decreasing TIPS arises in two scenarios (or combinations

thereof). In the first scenario, the liquidity elasticity EL(x) is sufficiently high, so

that large orders are subject to a systematic self-selection mechanism and are dis-

proportionally strongly absorbed by a thick order book (so-called liquidity attraction).

In the second scenario, Ψg,f(x) is sufficiently high. To provide some intution for Ψg,f (x),

we re-consider the power-law order book introduced in Section 2.3. Simple calculations

show that in the power-law case, Ψg,f (x) = 1/α, i.e., Ψg,f (x) does not depend on the

trade size x and is inversely related to to the order book shape parameter α. Hence,

in this case, the TIPS monotonicity condition (27) is given by

1 − 1

α
< EL(x). (28)

According to (20), under the assumption of strategic order submission we have EL(x) >

0 for all x. Hence, according to (28) the positivity of EL(x) is satisfied if Ψg,f (x) =

1/α > 1 or equivalently if α < 1, which corresponds to an upward-sloping order book.

We have thus shown that a decreasing TIPS as observed in Barclay and Warner

(1993) can arise from liquidity effects and does not necessarily result from informed

trades. We have specifically shown that order book liquidity and the interaction be-

tween order book liquidity and trading volume due to strategic order placement can

generate monotonously declining price impacts.

4 Empirical Evidence

In Section 3, we have provided a non-informational alternative model to the stealth

trading hypothesis capable of explaining a decreasing TIPS. In this section, we em-

pirically test whether our underlying theory is consistent with data from NASDAQ

trading. We will proceed as follows. In Section 4.1, we highlight issues in testing the
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key testable prediction of our theory in it’s general form. Thus, in order to formally

test the model prediction, we will make use of flexible parametric assumptions on the

order book shape and the relationship between depth and trade size, which will result

in testable hypotheses stated in terms of the model parameters. In Sections 4.2 and

4.3, we present the underlying data and conduct an initial nonparametric analysis to

provide data-driven support for the choice of our parametric specifications, which are

then used in Section 4.4 to do the (parametric) statistical inference. Section 4.5 shows

that liquidity elasticity is the major driver of the variable used in the decreasing TIPS

condition. Finally, Section 4.6 investigates in how far the stockwise variation of the

key variables in the decreasing TIPS condition can be explained by certain by stock

specific characteristics.

4.1 Testable Model Predictions

Recall that Proposition 1 provides a necessary and sufficient condition for a market to

exhibit (asymptotically) decreasing TIPS. To test the validity of the condition without

any further assumptions, one would need nonparametric estimates of Ψg,f and EL,

which in turn depend on the unknown functions g and f , capturing the relationship

between depth and trade size and the order book shape, respectively. Given estimates

for g and f and thus also for g′ and F −1, one could obtain plug-in estimates of Ψg,f

and EL by replacing the unknown quantities with their estimates. The estimates for

Ψg,f and EL could then be used to construct a test for the condition in Proposition 1.

However, any such nonparametric procedure suffers from numerous severe drawbacks.

Firstly, the complicated dependence of Ψf,g and EL on g and f makes the task of

deriving distributional results extremely daunting. Secondly, even if one were able to

derive the asymptotic distribution of the estimates for Ψg,f and EL, there would still

remain the issue of selecting several smoothing parameters, which is further complicated

by there being little guidance on how to optimally do this for testing, which is our

ultimate goal.

Hence, in order to formally test the validity of the decreasing TIPS condition

we will additionally impose flexible parametric forms on the order book shape and

the relationship between depth and trade size. In doing so, we will be able to state

testable hypotheses in terms of parameters in (log) linear regression models. We assume

that ∆i = ∆(xi)ǫ̃
∆
i with a multiplicative error term satisfying E[ǫ̃∆

i |xi] = 1. Such

multiplicative specifications provide a natural framework for the modelling of positive-

valued random variables, see, e.g., Hautsch (2012). Imposing power-law shaped order

books as introduced in Section 2.3, we implicitly assume the conditionally expected

(total) price impact ∆(xi) to be a power-law function of xi/di as given in equation (9),

∆(xi) = ∆

(
xi

di

)α

, (29)
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where α > 0 is the order book shape parameter and ∆ is a constant. The main advan-

tage of power-law shaped order books in terms of testing the condition in Proposition

1 is that Ψg,f simplifies to Ψg,f = 1/α.

In a similar vein, we assume that the relationship between depth and trade size

can be modelled using a power law shape. In particular, we asssume the multiplicative

specification di = g(xi)ǫ̃
d
i with

g(xi) := E[di|xi] = Bxq
i c̃ > 0, (30)

where ǫ̃d
i denotes an error term with E[ǫ̃d

i |xi] = 1, q is the power law parameter, and B

is a constant. In this case, we obtain EL = q.

Using the above flexible functional form assumptions allows us to restate the main

model prediction in terms of the parameters α and q:

Testable Prediction 1 (Decreasing TIPS under power law g() and power-law order

books).

Assume there is a trade size xc ≥ 1 such that g(x) = Bxq for all x ≥ xc along with

the power-law order book given in (29). Then, the necessary and sufficient condition

for (asymptotically, i.e., sufficiently large trade sizes) decreasing TIPS simplifies to

1 − 1

α
< q.

Taking logarithms of the multiplicative specifications





di = g(xi)ǫ̃
d
i

∆i = ∆(xi)ǫ̃
∆
i

(31)

results in the log-linear specifications

ln(di) = c + q ln(xi) + ǫd
i , (32)

ln(∆i) = b + α ln(xi/di) + ǫ∆
i . (33)

with ǫd
i = ln ǫ̃d

i − E[ln ǫ̃d
i ], c = ln B + E[ln ǫ̃d

i ], and ǫd
i = ln ǫ̃d

i − E[ln ǫ̃d
i ] and b = ln(∆) +

E[ln ǫ̃∆
i ].

In addition to the main hypothesis, we can also formulate a hypothesis concerning

the adequacy of the limit order book model. In particular, a necessary condition for the

adequacy of the power law shaped limit order book model is that the shape parameter

is positive.

Testable Prediction 2 (Validity of limit order book model).

The power-law limit order book model is appropriate if

α > 0.
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4.2 Data

We use order message data from the platform LOBSTER processing NASDAQ To-

talView data.7 The data contains submissions, cancellations and executions of any

limit order. Morevoer, it provides a precise identification on trade directions. We em-

ploy data of the NASDAQ 100 composite index constituents from the first three months

of 2014. For the ith trade , we record the trade size xi and compute the instantaneous

price impact ∆i as the signed difference between the mid-quote immediately before

and after the trade. This ensures that price changes are only due to trades and are

all nonnegative. For each trade we also record the cumulative depth in the order book

from level 1 up to 5, denoted by dj,i, j = 1, . . . , 5, respectively. These will be used as

measures for di, the total order volume in the market. Table 1 contains cross-sectional

summary statistics of stockwise time averages for the data set used in the analysis. Due

to the use of log transformations, we have to restrict attention to all buy side trades

with a nonzero price impact. Although this reduces the orginal data set by about one

half, it does not affect the validity of our analysis as the remaing data set is still sub-

stantial in size and we are interested in the effect of trades beyond some cutoff, which

should generally not have a zero price impact.

For all 100 stocks, we have computed time averages over the sample period for the

trade size, all the cumulative depth levels up to five levels, the spread, the price, and

the daily realized variance, which is computed as the sum of the intraday squared price

impacts. We also report the relative proportions of trades with trade sizes exceeding

the cumulative depth on various levels, which shows how often the respective order

book levels are depleted. We observe that for the vast amount of trades, the trade size

equals the number of shares on the first level of the order book. The percentage of

trade sizes exceeding the cumulative depth on higher levels tails off rapidly. Finally,

there are hardly any trades, whose size exceeds the fifth level cumulative depth d5, thus

indicating that basically nothing is lost by not considering order book levels beyond

the fifth level. We shall see later that our parametric assumptions are only plausible

for trades exceeding a critical size of at least 100 shares so that we set the trade size

cutoff xc to 100, when formally testing our hypotheses, resulting in the elimination of

a mere 3% of trades on average (see penultimate row of Table 1).

4.3 Nonparametric (Pre-)Analysis

To provide support for the functional form assumptions made in (29) and (30), we

perform a nonparametric analysis. In particular, we investigate the validity of the

log-linear representations in (32) and (33) by estimating the following nonparametric

regression model counterparts using the cumulative three level depth as the measure

7See https://lobsterdata.com/.
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Table 1: Cross-sectional summary statistics of stock wise time averages. The table

provides the cross-sectional summary statistics of time averages of the number of shares per

trade, the cumulative depth in terms of number of shares up until level 5, the bid-ask spread

measured in cents, the price computed as the midquote in dollars, and the daily sum of squared

impacts (in squared cents). The averages are computed for all buy side trades with a positive

impact. We moreover report the relative proportions of trades with trade sizes exceeding the

cumulative depth on up to five levels and trades with trade sizes greater than 100 shares. Zero

impacts gives the percentage of zero impacts in the original data set, which has to be dropped

for the analysis.

Mean St. Dev. Min. 10th Median 90th Max.

Trade Size, x 729 3490 60 100 185 804 34807

d1 775 3847 54 96 184 869 38386

d2 4258 25809 121 230 658 4644 258045

d3 8078 48425 177 358 1271 9045 484062

d4 12220 71890 232 489 1996 14443 718613

d5 16220 93539 294 607 2819 19910 935068

Spread (¢) 2.65 3.92 1.00 1.02 1.23 5.20 28.56

Price ($) 111.13 179.95 3.54 25.00 63.31 184.45 1236.71

Daily Tick RV (¢2) 18675 62507 9 163 1136 34014 494258

Observations 64359 48527 2217 23638 51910 106543 354090

x = d1 (%) 95.3 2.3 83.8 93.0 96.2 97.3 97.8

x > d1 (%) 2.85 2.44 0.55 0.98 1.86 6.19 11.87

x > d2 (%) 0.516 0.768 0.000 0.060 0.205 1.285 3.889

x > d3(%) 0.178 0.290 0.000 0.015 0.075 0.440 1.592

x > d4 (%) 0.069 0.117 0.000 0.006 0.031 0.158 0.678

x > d5 (%) 0.030 0.048 0.000 0.002 0.014 0.063 0.274

x < 100 (%) 3.09 1.75 0.00 0.67 2.99 5.30 9.47

Zero impacts (%) 49.33 13.07 31.03 33.89 46.59 69.52 90.42

of market depth

ln(d3,i) = md(ln(xi)) + υd
i , (34)

ln(∆i) = m∆(ln(xi/d3,i)) + υ∆
i . (35)

By doing so we let the data “speak for itself” on how the regressor in each equation

is related to the corresponding dependent variable and can assess how reasonable the

linear relationships postulated in (32) and (33) are. The estimation of md and m∆

is done using local linear kernel regression with a bandwidth that is optimal in terms

of predicting the dependent variable in the final month of our analysis. The local

linear kernel regression estimator was chosen as it automatically corrects for boundary

bias issues in nonparametric regression problems, when the support of the data is
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bounded, which naturally arises here due to the positivity of trade size. Furthermore,

the behaviour of the local linear regression estimator is well understood. In particular

it is well known that under suitable regularity conditions the estimators are consistent

and asymptotically normal, see for instance the monographs by Fan and Gijbels (1996)

or Li and Racine (2007).

Further details of the procedure will be given for the estimation of md. The details

of the procedure for estimating m∆ are analogous, any deviations will be mentioned.

By construction, for E[υd
i | ln(xi)] = 0, the regression function md is the conditional

expectation of log depth given log trade size. Let the sample of the observed values of

log depth and log trade size be given by {(ln(d3,i), ln(xi))}N
i=1 for a particular stock.

The local linear estimator solves the locally weighted least squares problem

N∑

i=1

(ln(d3,i) − au − bu ln(xi))
2K

(
ln(xi) − u

h

)
(36)

with respect to the parameters (au, bu)′. The function K is the kernel weight func-

tion and the parameter h is the bandwidth. For each value u the minimizer âu is

the estimator of the regression function at that point: that is âu = m̂d(u). Under

suitable regularity conditions it can be shown, that m̂d is a (pointwise) consistent esti-

mator of md. Under further conditions it can additionally be shown to be (pointwise)

asymptotically normal. We implement the estimator using the Epanechnikov kernel

K(x) = 3
4(1 − x2)1|x|≤1. The estimates are calculated for an equidistant grid of the

regressor values between one share and the 99th sample percentile of trade size as there

are too few observations to be able to estimate the function well in the extreme tail of

the distribution of trade size. For the same reason, we estimate m∆ on a grid corre-

sponding to values between the 0.5th and the 99.5th sample percentiles of the observed

trade size to depth ratio. Details on the (optimal) choice of the bandwidth can be

found in Appendix C. To quantify the estimation uncertainty, we utilize a bootstrap

procedure details of which are contained in Appendix D.

Figure 5 provides the estimation results for md in (34) for four randomly selected

stocks. The solid black line is the estimate using the actual data. In order to gauge the

uncertainty in the estimation results, the grey lines provide estimates for 500 empirical

bootstrap samples, whose pointwise 2.5% and 97.5% quantiles are given by the two

dashed lines. Even though the estimation uncertainty for smaller trades is larger,

one can still clearly see some stock dependent nonlinear structure. However, most

importantly, the estimates are linear for sufficiently large trades. Furthermore, this

linearity can be seen for all stocks in Figure 6, which plots the estimates for all 100

stocks together. Each grey line represents the estimate from a stock, the solid line and

the dashed lines are the cross-sectional median, 2.5% and 97.5% quantile, which are only

computable for regressor values that are observed for all stocks. The estimation results

for all the 100 stocks have the same qualitative features: stock dependent structure for
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Figure 5: Local linear estimates of md in (34) for CA, FAST, ILMN and XLNX. The

solid black line corresponds to the estimate. The grey lines are estimates for 500 booststrap

replications of our estimator. The dashed lines are the pointwise 2.5% and 97.5% quantiles over

the boostrap estimates. The estimation range for each stock was for all trades up until the 99th

sample percentile of the regressor.
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small trades and linear behaviour for large trades. Furthermore, with the exception of

the fit at the top of the figure, the linear behaviour is present for all stocks for trade

sizes above 100 shares, the log of which is 4.6. Hence, the linear specification in (32)

seems to be valid for trades of at least 100 shares, which is why we base the entire

remaining analysis on such trades.

Figure 6: Local linear estimates of md in (34) for all 100 stocks. The grey lines correspond

to the estimates for the individual stocks. The solid line is the pointwise cross-sectional median

of the stockwise estimates. The dotted dashed vertical line is at ln(100), i.e. the regressor value

for a trade size equal to 100 shares. The dashed lines are the pointwise cross-sectional 2.5% and

97.5% quantiles of the stockwise estimates. By definition all three cross-sectional quantiles of

the estimates can only be computed over the range of the regressor that is observed for all 100

stocks. he estimation range for each stock was for all trades up until the 99th sample percentile

of the regressor.
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The estmation results for m∆ in (35) are less easily interpreted. The inherent

discreteness of the depedent variable along with the mostly small selected bandwidths

lead to very jumpy fits as illstrated in the top left and lower right panels of Figure

7. The extreme spikes are due to a lack of observations for some bootstrap samples.

Most smoother fits such as in the top right panel are basically constant and increase for

large regressor values. When the range of the fit is small, the estiamte essentially stays

on the lowest price tick and then moves up to the next price tick for large regressor

values. In contrast, the lower left panel provides an example of a fit with more variation.

Again, the estimate is fairly constant with a linear increase for regressor values between

about −1.5 and 0. Note, that this corresponds to one of about 9 stocks, where the

depth measure is smaller than the trade size a sufficient number of times to allow

for estimation at positive regressor values. In total, the linear approximation seems

to be adequate for some stocks or for some subsets of the range of the regressor, in

particular between −1.5 and 0. For the wigglier fits this can also be seen upon using

a larger bandwidth. The estimates for all the stocks are plotted in Figure 8. There is

substantial bunching of the fits near the lowest possible price impact for small values of
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Figure 7: Local linear estimates of m∆ in (35) based on data with trades of size at

least 100 shares for ADBE, CSCO, PCLN and WFM. The solid black line corresponds

to the estimate. The grey lines are estimates for 500 booststrap replications of our estimator.

The dashed lines are the 2.5% and 97.5% pointwise quantiles over the boostraps estimates. The

estimation range for each stock was restricted to below the 99.5th sample percentile and above

the 0.5th sample percentile of the regressor.
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the regressor. Discounting the bursts in the median of the fits, it has an overall slight

linear increase. For regressor values between −1 and 0, the fits, in particular in the

lower bunch, begin to increase more markedly. As for the fits not in the bunch, some

appear close to linear with a slight increase over the whole regressor range, whereas

others seem to display an overall linear increase with the degree of wiggliness around

it very much stock dependent.

Figure 8: Local linear estimates of m∆ in (35) based on data with trades of size

at least 100 shares for all 100 stocks. The grey lines correspond to the estimates for

the individual stocks. The solid line is the pointwise cross-sectional median of the stockwise

estimates. The dashed lines are the cross-sectional 2.5% and 97.5% pointwise quantiles of the

stockwise estimates. By definition all three cross-sectional quantiles of the estimates can only

be computed over the range of the regressor that is observed for all 100 stocks. The estimation

range for each stock was restricted to below the 99.5th sample percentile and above the 0.5th

sample percentile of the regressor. The plotting range here is further restricted to values of the

regressor roughly in between −4 and 0.5.
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4.4 Parametric Analysis

The nonparametric pre-analysis in Section 4.3 provides very convincing support for the

linearity assumption in md for trades with at least 100 stocks. The evidence in favour

of the linearity of m∆ is not so clear cut in large part due to the issues of the estimation

procedure resulting from the discreteness in the price changes. Nevertheless, a linear

approximation does not seem inconceivable and there is no obvious alternative para-

metric form that suggests itself. Thus, the log linear specifications in (32) and (33) can

be viewed as convenient data-driven approximations. Ideally, we would simply estimate

these specifications using least squares and would then derive test statistics based on

these estimates to formally investigate the testable predicitons stated in Section 4.1.

Sadly, this cannot be done for (32). Although it is the obvious linear specification to

model a constant liquidity elasticity it suffers from the fact that as soon as we impose

the linearity assumption it no longer holds that the regressor and the error term are
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uncorrelated. However, the strong evidence for the linearity of md also provides strong

support for the linear specification in the reverse regression for the restricted data set

based on trades of size at least 100 stocks. Recalling the fact that in our theoreti-

cal model the investors make their trade decision based on observing the limit order

book provide a convincing argument for the exogeneity of the regressor in the reverse

regression model

ln(xi) = k + 1/q ln(di) + ǫx
i , (37)

which allows us to consistently estimate 1/q by least squares. Although, we can get

an estimate for the liquidity elasticity from the estimate of the slope parameter in the

reverse regression, we do not need to do so in order to test the validity of the decreasing

TIPS condtion as it can be restated in terms of the inverse elasticity 1/q.

4.4.1 Parameter estimates

For each stock in our sample we obtain an estimate of the slope parameters of (33), α,

and (37), 1/q. The stockwise estimation results for all the stocks are given in Tables

6 and 7 in Appendix F. Figure 9 provides a graphical summary of the cross-sectional

variation of the estimated slope coefficients for all five depth measures.8 From the left

hand panel, we can see that the estimates of 1/q are clearly postive. Furthermore,

the cross-sectional density of 1/q shifts to the left as more levels are used in the depth

measure. Finally, the cross-sectional density seems to be bimodal: when using the

cumulative five level depth measure the more pronounced mode is at about 0.3 and

the less pronounced mode is near 0.6. In contrast to the inverse liquidity elasticity,

the right hand panel of Figure 9 shows that the cross-sectional distribution of the

estimated order book shape parameter α is basically independent of the depth measure

used. Moreover, apart from when using the first level depth measure, the estimates

seem to be mainly positive, which is supported by the individual estimates in Tables 6

and 7 in Appendix F. Also note, that the estimates are clearly all substantially below

one. Finally, the cross-sectional density of the estimates of α also seems to be bimodal:

the more pronounced mode is just above 0.1 and the less pronounced mode is slightly

above 0.02.

The condition for a decreasing TIPS in Testable Prediction 1 is given as a sign

restriction on a nonlinear combination of the order book shape parameter and the

liquidity elasticity parameter. Given that the estimated inverse elasticities are clearly

positive we can rewrite the decreasing TIPS condition in terms of the slope parameters

8The cross-sectional kernel density estimates of the coefficient estimates α̂ and 1̂/q in Figure 9 as

well as the one of the nonlinear combination γ̂ := γ(1̂/q, α̂) = α̂1̂/q − 1̂/q − α̂ in Figure 10 were

constructed using the density function in R with the default rule of thumb bandwidth and a Gaussian

kernel.
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Figure 9: Cross-sectional estimates of 1/q in (37) and α in (33) based on data with

trades of size at least 100 shares for all 100 stocks. The left hand panel provides a

kernel density estimate of the cross-sectional estimates of 1/q in (37) over all the 100 stocks in

our sample for all five different depth measures, whereby Depth k refers to using the cumulative

order book depth up until level k as the depth measure. The right hand panel provides a

kernel density estimate of the cross-sectional estimates of α in (33) over all the 100 stocks in

our sample for all five different depth measures, whereby Depth k again refers to using the

cumulative order book depth up until level k as the depth measure.
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of (33) and (37) as α1/q − 1/q − α < 0. The estimates for α and 1/q can be combined

to obtain an estimate of the nonlinear combination γ := γ(1/q, α) = α1/q − 1/q − α.

The stockwise estimation results for γ are also given in Tables 6 and 7 of Appendix

F. A graphical summary of the cross-sectional variation is given in Figure 10 for all

five depth measures. As more levels are used in the depth measure the cross-sectional

densities move to the right. However, the estimates clearly remain negative. The cross-

sectional density also appears bimodal: using the five level depth measure the more

pronounced mode is close to −0.4 and the less pronounced mode is close to −0.6.

4.4.2 Parameter tests

The cross-sectional investigation of the estimates already indicates empirical support

for our testable predictions. Nevertheless, these indications have to be confirmed by

formal (parametric) tests. By using the HAC covariance matrix estimates introduced

in Andrews (1991) to estimate the limiting variances of the slope estimates, σ2
α and

σ2
1/q, we allow for the possibility of heteroscedasticity and autocorrelation of unknown

form in (33) and (37). The corresponding variance estimates are denoted s2
α and s2

1/q.

Under standard regularity conditions, the ratio of the slope coefficient estimates and

their standard errors are asymptotically standard normally distributed, thus providing

the base for the formal tests of the model predictions. In order to test the decreasing
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Figure 10: Cross-sectional estimates of γ based on data with trades of size at least 100

shares for all 100 stocks. The lines refer to the cross-sectional densities of the respective

estimates over all 100 stocks. The lines Depth k refer to the estimates of γ := γ(1/q, α) =

α1/q−1/q−α using the estimates for the slope parameters from (33) and (37) for the cumulative

order book depth up to level k as the depth measure.
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TIPS condition γ < 0, we use the asymptotic normality of the estimates in (33) and

(37) along with the delta method to establish

√
N(γ̂ − γ)

d→ N(0, Σ)

with Σ = (α − 1)2σ2
1/q + (1/q − 1)2σ2

α, which can be consistently estimated9 by s2
γ =

(α̂ − 1)2s2
1/q + (1̂/q − 1)2s2

α. Thus, the condition in Testable Prediction 1 of Section 4.1

can be formally investigated using the test

H1
0 : γ ≥ 0 vs. H1

a : γ < 0

with a rejection of the null hypothesis providing evidence in favour of the condition

for a decreasing TIPS. The test can be carried out using the test statistic T1 = γ̂/sγ

which is asymptotically standard normal under γ = 0. Similarly, we can test for the

adequacy of the power law specification as stated in Testable Prediction 2 by testing

H2
0 : α ≤ 0 vs. H2

a : α > 0

using the test statistic T2 = α̂/sα, which is also asymptotically standard norml under

the null. Rejection of the null will support the adequacy of the power law specification.

9The covariance estimates were obtained using the R software, R Core Team (2015), by the kernHAC

function from the sandwich package detailed in Zeileis (2004) using the spectral kernel and the

ARMA(1,1) approximation.
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The above tests are carried out for all stocks and all five market depth measures at the

significance levels α = 0.1, 0.05, 0.01, 0.001.

The results from the tests are collected in Table 2.10 The null hypothesis being

tested is given in the first column. The second column states the depth measure that

was used to construct the test statistic. The next four columns, one for each of the

significance levels, provide the number of stocks for which the null hypothesis was

rejected, thus showing for how many of the 100 stocks there was evidence in favour of

the respective testable prediction. In accordance with the discussion on the prameter

estimates, there is evidence in favour of the condition for a decreasing TIPS for nearly

all the stocks over all the depth measures and significance levels. In terms of the validity

of the power law order book shape, the evidence is not as overwhelming. Nonetheless,

for depth measures with at least two levels, the power law shape is confirmed for the

vast majority of the stocks.

Table 2: Number of stocks with evidence for model predictions. The table entries give

the number of rejections of the null hypothesis given in the row across the 100 stocks. The first

column gives the depth measure used. The next 4 columns give the number of rejections of the

corresponding test when carried out for each stock individually at the given significance level.

The final 4 columns give the number of rejections using the Bonferroni correction to control

the family wise error rate at the given significance level.

Individual Simultaneous

test levels (α) test levels (α)

Test Depth (d) 0.1 0.05 0.01 0.001 0.1 0.05 0.01 0.001

H1
0

d1 100 100 100 100 100 100 99 99

d2 100 100 100 100 100 100 100 100

d3 100 100 100 100 100 100 100 100

d4 100 100 100 100 100 99 99 99

d5 100 100 99 99 99 99 99 99

H2
0

d1 75 75 74 72 72 72 72 67

d2 95 95 95 95 95 95 94 91

d3 94 94 93 92 92 92 92 87

d4 93 93 91 89 89 89 88 85

d5 90 90 89 83 83 83 83 79

We will finish the discussion on formal testing by investigating the validity of the

predictions on the entire market. The first such investigation is based on checking

10Results from a third test of interest concerning an upward sloping order book shape, which corre-

sponds to H3
0 : α ≥ 1 vs. H3

a : α < 1 are not provided here. Given that the values of α̂ are considerably

closer to zero than to one, it should be clear that there is very strong evidence for an upward sloping

order book at all customary significance levels.
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the validity of the predictions for all the stocks simultaneously. In particular, given

that we conducted the formal test for each stock individually, the significance level for

the simultaneous test over all the stocks is no longer guaranteed to correspond to the

significance level we provided for the individual test. In particular, it may be the case

that we are picking up lots of false positives, which in our case would correspond to

evidence for the model predictions although the model is incorrect. In order control

for this, we also provided the results from our tests using the Bonferonni correction in

the last four columns of Table 2. Although the Bonferroni correction is conservative in

that it suffers from low power to pick up the alternative, we can see that the number

of rejections of H1
0 is basically unchanged, thus providing very clear support for the

validity of the decreasing TIPS condition on the market level. As for H2
0 , we can see

that the number of rejections is slightly lower when using the simultaneous significance

levels. Yet, for the vast majority of the stocks the power-law shaped parameter is still

valid.

Finally, an alternative way to investigate the validity of the predicitons on the

entire market is by aggregating the estimates over the stocks and then performing the

corresponding tests on the aggregate level. In terms of aggregating the estimates, we

make use of methods employed in random effects meta-analyses as can be found for in-

stance in Higgins et al. (2009). The procedure essentially computes a weighted average

of the stockwise estimates. The weights depend on the stockwise variance estimates

with estimates of stocks that are estimated more precisely receiving more weight. The

details of the procedure are given in Appendix E. The results are given in Table 3.

Using the standard normal approximation, the p-values for the respective hypothesis

tests applied to the aggregate estimates are well below any conventional significance

levels, thus also providing evidence for the validity of our testable predictions on the

market level.

In summary, we find strong confirmation for our theory of a decreasing TIPS at

the stockwise level and the market level. The power-law shape of the limit order book

receives slightly less support but still seems to be a reasonably good approximation.

Combining the results from the nonparametric pre-analysis with those from the formal

tests indicates that the lack of overwhelming evidence for the power-law shape of the

limit order book is probably due to the functional form approximation being less good.

However, despite the less substantial evidence for the power-law shape of the limit order

book, we still find strong evidence for a decreasing TIPS. This in turn suggests that

the strength of the liquidity elasticity is the main driver behind the decreasing TIPS.

In the following section we take a more detailed look at this by analyzing the relative

importance of both the order book shape and the liquidity elasticity in explaining the

decreasing TIPS condition variable γ.
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Table 3: Cross-sectional aggregates of the estimates for α, 1/q and γ along with

standard errors in parenthesis. The stock-specific estimates of α, 1/q and γ = α1/q−1/q−α

are aggregated based on the classical randomized effect meta-analysis methods as outlined in

the Higgins et al. (2009). Details of the aggregation method can be found in Appendix E. The

first two columns give the equation and the market depth measure used to construct the stock

specific estimates of α and 1/q. The last column contains the aggregate of the stock specific

estimates of the TIPS condition variable γ.

Equation Depth const 1̂/q α̂ γ̂

(37)

d = d1
1.3386 0.7367 -0.7337

(0.0796) (0.0165) (0.0150)

d = d2
1.5655 0.5561 -0.591

(0.1151) (0.0163) (0.0136)

d = d3
1.9717 0.4546 -0.494

(0.0858) (0.0118) (0.0010)

d = d4
2.2466 0.3961 -0.4368

(0.0813) (0.0110) (0.0093)

d = d5
2.3783 0.3649 -0.4046

(0.0804) (0.0106) (0.0092)

(33)

d = d1
4.2902 0.0306 -0.7337

(0.0519) (0.0067) (0.0150)

d = d2
4.3521 0.066 -0.591

(0.0404) (0.0049) (0.0136)

d = d3
4.3862 0.0631 -0.494

(0.0178) (0.0033) (0.0010)

d = d4
4.4098 0.0607 -0.4368

(0.0175) (0.0034) (0.0093)

d = d5
4.4261 0.058 -0.4046

(0.0180) (0.0034) (0.0092)
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4.5 Drivers of γ

The results reported in the previous section provide strong statistical support for de-

creasing TIPS. We have also already argued that the main driver for the decreasing

TIPS seems to be the liquidity elasticity. In order to pursue this point further we will

investigate in how far the estimated order book shape parameter α̂ and the estimated

liquiditiy elasticity q̂ := (1̂/q)−1 are capable of explaining the estimated TIPS condition

variable γ̂. This will be done by estimating the cross-sectional regression model

γ̂i = β0 + βq q̂i + βαα̂i + ui, i, = 1, . . . , 100, (38)

and then calculating measures of relative importance for the regressors α̂ and q̂, where

γ̂i, q̂i, and α̂i denote the stock-specific estimates of γ, q, and α . For a recent overview of

various variable importance measures, in particular for linear regression models, along

with a discussion on their merits and demerits see Grömping (2015) and Grömping

(2016). As mentioned there, as well as in other articles on the subject of variable im-

portance, such as Bring (1996) or Thomas et al. (1998), there is no overall accepted

procedure to determine the relative importance of individual regressors on a dependent

variable in linear regression models when the regressors are correlated. As an aside it

should be mentioned that the desire to determine the relative importance of regressors

is likely to become more widespread in future due to the proliferation of computer

intensive prediction routines that are not directly amenable to determing the effect of

individual regressors on the fit. In the following, we will only consider three simple

measures that are easily calculated from standard regression output obtained upon es-

timating the auxiliary regression model in (38) by least squares. The results of all three

measures are collected in Table 4. The first column provides the depth measure that

was used to estimate α and q. The first variable importance measure is the absolute

value of the estimated standardized regression coefficients in (38). The standardized

regression coefficients are the coefficients in (38) after the regressors have been centred

and standardized by the standard error and are thus independent of the measurement

scale. The estimated standardized regression coefficients are interpreted as the esti-

mated change in the dependent variable measured in standard deviations due to a one

standard deviation increase in the regressor holding all else fixed. The second and third

columns in Table 4 show that the absolute value of the estimated standardized coef-

ficient corresponding to liquidity, |β̂q|, is larger than that for order book shape, |β̂α|,
especially, when at least two levels were used in the depth measure. The fourth and

fifth columns contain the product of the estimated standardized regression coefficient

and the sample correlation of the corresponding regressor with the dependent variable.

This measure was originally introduced by Hoffman (1960) and given a formal deriva-

tion by Pratt (1987). The measure can be interpreted as providing the fraction of the

model R2 due to the respective variable. Again, the liquidity elasticity is more impor-

tant than the order book shape using this measure with the effect most pronounced
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Table 4: Relative Importance measures of order book shape and liquidity elasticity

in explaining TIPS. The table contains estimated measures of the relative importance of the

estimated order book shape α̂ and the estimated liquidity elasticity q̂ := (1̂/q)−1 in explaining

γ̂ over the cross-section. The first column indicates, which depth measure was to obtained

the stock-specific estimates of α, 1/q and γ. The second and third columns provide the abso-

lute values of the estimated standardized regression coefficients. The fourth and fifth columns

contain estimates of the Pratt measure, defined as the product of the standardized regression

coefficient and the simple correlation between the dependent variable and the respective regres-

sor. The sixth and seventh columns contain the average increase in R2 due to the inclusion of

the variable in parenthesis. Finally, the last two columns provide the R2 of the fitted model in

(38) and the correlation between the two regressors in (38).

Depth |β̂q| |β̂α| β̂qρ̂q̂ β̂αρ̂α̂ LMG(q̂) LMG(α̂) R2 ρ̂q̂,α̂

d1 0.56 0.46 0.56 0.44 0.74 0.68 0.86 −0.66

d2 0.98 0.19 1.12 −0.12 0.71 0.22 0.73 0.68

d3 1.00 0.26 1.09 −0.09 0.75 0.07 0.80 0.52

d4 0.97 0.19 1.05 −0.05 0.80 0.04 0.83 0.41

d5 0.95 0.13 1.02 −0.02 0.84 0.01 0.86 0.25

when using more than two depth levels. The main controversy around this measure is

that in certain situations, such as here, the measure may be negative. Thomas et al.

(1998) show that the negativity occurs due to correlation of the regressors. From the

final column, we can see that the correlation in the regressors decreases as we consider

models with depth measures containing more levels, which in turn coincides with an

increase in β̂αρ̂α̂. The final measure of relative importance we have considered is the

increase in explanatory power in terms of R2 due to the inclusion of the respective re-

gressor. As each of the two regressors in (38) can be added first or second we calculate

the increase in R2 for both cases and report the average in the fifth and sixth columns

of Table 4. This measure of averaging the increase in R2 over all possible orderings

was introduced in Lindeman et al. (1980). Like the other two measures, this measure

also indicates that liquidity elasticity is relatively more important than the order book

shape for the TIPS condition variable γ, especially when using more than two levels

in the depth measure. In summary, all three measures confirm that the main driver

behind γ and thus behind a decreasing TIPS is the liquidity elasticity with the result

especially pronounced, when using a depth measure that includes at least two order

book levels.

4.6 Cross-sectional Determinants

From the cross-sectional summary of the estimates given in Figure 9 and Figure 10

as well as from the stockwise estimates given in Table 6 and Table 7 of the appendix,
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we can see that there is substantial cross-sectional variation in the estimates. In this

section, we analyze to which extent this cross-sectional variation can be explained by

stock-specific characteristics. In particular, we are interested in how far certain stock-

specific characteristics are capable of explaining the cross-sectional variation of the

estimates γ̂, q̂ = (1̂/q)−1 and α̂. We will do so by estimating each of the following

cross-sectional models

γ̂i = cγ + βγ,sprspri + βγ,d1
d1,i + βγ,rvrvi + βγ,volvoli + uγ,i (39)

q̂i = cq + βq,sprspri + βq,d1
d1,i + βq,rvrvi + βq,volvoli + uq,i (40)

α̂i = cα + βα,sprspri + βα,d1
d1,i + βα,rvrvi + βα,volvoli + uα,i, (41)

where i = 1, . . . , 100 is the index for the stock and spri, d1,i, rvi and voli respec-

tively denote the time-average over stock i’s trades with non-zero price impact of the

dollar bid-ask spread immediately before a trade, the volume on the first level of the

order book immediately before a trade, the daily realized variance computed as the

sum of the squared instantaneous price impacts over each day and the daily volume.

We consider standardized versions of the models in (39) - (41) obtained by centering

and standardizing all the variables in order to remove scale effects. The regression

coefficients can then be interpretated as giving the standard deviation change of the

dependent variable resulting from a standard deviation increase in the corresponding

regressor holding all else fixed. Table 5 reports the least squares estimation results. The

results can be summarized as follows. The estimated TIPS condition variable γ̂ sig-

nificantly decreases, providing more evidence for decreasing TIPS for smaller spreads,

larger realized volatility and larger volume. Hence, given that these changes in charac-

teristics are commonly associated with more “liquid” stocks, these results suggest that

more “liquid” stocks have a more negative TIPS condition variable. The interpretion of

the results for the estimated liquidity elasticity q̂ are completely analogous, which alos

provides an indication for liquidity elasticity being the main driver behind the TIPS

conidition variable. Finally, the estimated order book shape parameter decreases as

the spread and volume increase and the realized volatility decreases.

5 Conclusion

The stealth trading hypothesis is one of the most intriguing observations of price re-

turns. Barclay and Warner (1993) suggests that this arises from informed trading as

large informed traders try to slice their trades into smaller orders. Thus, the informa-

tional impact of trades should be only felt in non-large orders.

In this paper, we provide an alternative non-informational rationale for the ob-

served effect that alludes to the phenomenon of liquidity begets liquidity. We develop a

simple but stylized liquidity model of trading in limit order book markets where traders
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Table 5: Estimates of cross-sectional determinants of γ̂, q̂, and α̂. The table contains

the OLS estimates of the models in (39), (40) and (41) as given in the first column. The second

column contains the dependent variable with the third column providing the depth measure

that was used in constructing the dependent variable. The next four columns give estimates

of the standardized regression coefficients associated with the variables on the first line of the

column. The superscript stars on the estimated coefficients give bounds for the p-value of the

significance test of the coefficient with ∗, ∗∗, ∗ ∗ ∗ denoting respectively p < 0.1, p < 0.05 and

p < 0.01. The last column provides the R2 of the fit.

Model Dep. Var. Depth spr d1 rv vol R2

(39) γ̂ := 1̂/q(α̂ − 1) − α̂

d1
1.9∗∗∗ −0.03 −1.22∗∗∗ −0.17∗∗∗

0.75
(0.19) (0.05) (0.19) (0.06)

d2
1.62∗∗∗ −0.16∗∗ −1.28∗∗∗ −0.3∗∗∗

0.53
(0.26) (0.07) (0.25) (0.08)

d3
1.58∗∗∗ −0.04 −1.34∗∗∗ −0.33∗∗∗

0.44
(0.28) (0.08) (0.28) (0.08)

d4
1.53∗∗∗ 0.1 −1.27∗∗∗ −0.36∗∗∗

0.43
(0.28) (0.08) (0.28) (0.08)

d5
1.52∗∗∗ 0.17∗∗ −1.19∗∗∗ −0.36∗∗∗

0.46
(0.28) (0.08) (0.27) (0.08)

(40) q̂ := (1̂/q)−1

d1
1.67∗∗∗ −0.002 −0.82∗∗∗ −0.05

0.87
(0.14) (0.04) (0.13) (0.04)

d2
1.82∗∗∗ −0.06 −1.12∗∗∗ −0.18∗∗∗

0.79
(0.17) (0.05) (0.17) (0.05)

d3
1.66∗∗∗ −0.04 −1.05∗∗∗ −0.25∗∗∗

0.68
(0.21) (0.06) (0.21) (0.06)

d4
1.42∗∗∗ 0.05 −0.86∗∗∗ −0.3∗∗∗

0.58
(0.24) (0.07) (0.24) (0.07)

d5
1.24∗∗∗ 0.15∗∗ −0.7∗∗∗ −0.32∗∗∗

0.53
(0.26) (0.07) (0.25) (0.08)

(41) α̂

d1
−1.87∗∗∗ −0.12∗ 1.24∗∗∗ 0.07

0.61
(0.23) (0.07) (0.23) (0.07)

d2
−0.06 −0.09 0.66∗∗ −0.25∗∗∗

0.5
(0.26) (0.08) (0.26) (0.08)

d3
−0.66∗∗ −0.08 1.17∗∗∗ −0.28∗∗∗

0.45
(0.28) (0.08) (0.27) (0.08)

d4
−1.26∗∗∗ −0.09 1.53∗∗∗ −0.35∗∗∗

0.35
(0.3) (0.09) (0.3) (0.09)

d5
−1.79∗∗∗ −0.09 1.74∗∗∗ −0.39∗∗∗

0.34
(0.3) (0.09) (0.3) (0.09)
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strategically choose whether to trade in the primary public limit order book market ex-

change based on their perception of transaction costs. Under these assumptions, large

traders prefer to trade in the limit order book market, when enough liquidity/depth

is provided. Therefore, observed large trades in these markets have a proportionally

smaller price impact compared to smaller orders. Hence, the mutual attraction of mar-

ket liquidity and trade volume can explain the presence of a decreasing price impact

per share (TIPS).

From our model we derive certain testable predictions that are extensively inves-

tigated using high-frequency order-message data from the first quarter of 2014 for all

the one hundred stocks in the NASDAQ 100 index. We are capable of showing that

(asymptotically) decreasing TIPS is virtually universally present in our data as long as

we only take into account trades with at least 100 shares. Furthermore, we also show

that liquidity coordination as captured by our estimate of liquidity elasticity seems to

be the main driver behind this result. Finally, we have seen that the magnitude of

the TIPS and thus the strength of the evidence for a decreasing TIPS depends on how

“liquid” the stock is.

Appendix

A Proofs

Proof to Lemma 2. The trader decides to trade if and only if the cost of trading is less

than the expected cost of defering thus, when Πprime < Ei[Π
other]. Plugging in the

expression after the second equality of (15) for Πprime and the expresssion for Πother

given in (16) as well as using that ξ is a zero mean random variable, the condition for

trading simplifies to

di

∫ F −1(ni/di)

0
f(p)pdp < µni,

which yields the result after dividing both sides by ni.

Note, the last expression for Πprime in (15) follows for power-law shaped limit order

books as given in (8). In this case F −1(ni/di) = ∆(ni/di)
α and using the expression
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for f(p) in (8), we get

∫ F −1(ni/di)

0
f(p)pdp =

∫ ∆(ni/di)α

0
Ap1/α−1pdp

= A
α

1 + α

(
∆(ni/di)

α
) 1+α

α

=
α

1 + α
A∆

1+α
α

(
ni

di

)1+α

=
1

1 + α
∆

(
ni

di

)1+α

,

where the last line follows from A = 1
α∆

− 1

α .

Proof to Proposition 1. From the discussion preceding the statement of the proposition,

we have

δ′(x) ≈ 1

x

(
∆̃′(x) − δ(x)

)
. (42)

as well as

∆̃′(x) ≈ 1

g(x)f(F −1(x/g(x)))

(
1 − EL(x)

)
(43)

δ(x) ≈ 1

x
F −1

(
x

g(x)

)
. (44)

Thus, approximately up to first order, decreasing TIPS can be characterized by

δ′(x) < 0 ⇔ ∆̃′(x) − δ(x) < 0

⇔ 1 − EL(x)

g(x)f(F −1(x/g(x)))
− 1

x
F −1

(
x

g(x)

)
< 0

⇔ 1 − EL(x) <
g(x)

x
f(F −1(x/g(x)))F −1

(
x

g(x)

)

︸ ︷︷ ︸
=Ψf,g(x)

⇔ 1 − Ψf,g(x) < EL(x).

In the power law order book case, f(p) = Ap1/α−1 = 1
α

F (p)
p . Thus,

f(F −1(p)) =
1

α

F (F −1(p))

F −1(p)
=

1

α

p

F −1(p)

from which it follows that

Ψf,g(x) =
g(x)

x

1

α

x/g(x)

F −1(x/g(x))
F −1(x/g(x)) =

1

α
.
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B Formalizing the approximations (24) and (25)

Using di = g(xi) + ǫi let us write

∆(xi) = F −1(
xi

g(xi) + ǫi
) =: Ψ(εi).

Furthermore, let us concentrate on power law shaped order books as these will be used

in the empirical analysis. We thus have

Ψ(ǫi) = ∆

(
xi

g(xi) + ǫi

)α

.

Furthermore, one can show that in this case all the derivatives of Ψ(ǫi) exist. Moreover,

the k-th derivative is given by

Ψ(k)(ǫi) = (−1)k
k−1∏

j=0

(α + j)
1

(g(xi) + ǫi)k
Ψ(ǫi).

Let us assume make the reasonable assumption that traders are not terrible at making

predictions about market depth in the sense that the prediction error relative to the

prediction is less than 100%. Stated formally we require that

|xi|
g(xi)

≤ M

for some M < 1. In this case for the situation that α ∈ [0, 1], we get
∏k−1

j=0(α+j) ≤ αk!,

from which it follows that

|Ψ(k)(0)|
k!

|ǫ|ki ≤ αM < 1.

Thus, we get the Taylor expansion of Ψ(ǫi) around 0 given by

Ψ(ǫi) = Ψ(0)

[
1 + Υ

(
α,

ǫi

g(xi)

)]

with

Υ

(
α,

ǫi

g(xi)

)
=




∞∑

k=1

(−1)k

k!

k−1∏

j=0

(α + j)

(
ǫi

g(xi)

)k

 .

And the approximation in (24) can be formalized by realising that |Υ
(
α, ǫi

g(xi)

)
| ≤ δ

for δ = α M
1−M which with an application of Fubini’s theorem yields

∆̃(x) : = E[Ψ(ǫi)|xi = x] = Ψx(0)

[
1 + E[Υ

(
α,

ǫi

g(xi)

)
|xi = x]

]
∈ [Ψx(0)(1 − δ), Ψx(0)(1 + δ)]

where Ψx(0) := F −1(x/g(x)).
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Recall that we want to establish conditions that ensure δ′(x) < 0 with δ(x) =

∆̃(x)/x. Writing out the derivative and using the above approximation we get

δ′(x) = Ψ′
x(0) − Ψx(0)

x
+ R(α, x)

with remainder

R(α, x) =

[
Ψx(0) − Ψx(0)

x

]
E[Υ

(
α,

ǫi

g(xi)

)
|xi = x] + Ψx(0)

dE[Υ
(

α, ǫi

g(xi)

)
|xi = x]

dx
].

(45)

In the following we will establish |R(α, x)| < |Ψ′
x(0)− Ψx(0)

x | ensuring that the condition

|Ψ′
x(0) − Ψx(0)

x
| < 0

is sufficient for δ′(x) < 0. Again using |xi|
g(xi)

≤ M and α ∈ [0, 1] the first term in (45)

can be bounded by |Ψ′
x(0) − Ψx(0)/x| · αM/(1 − M).

In order to deal with the second term in (45) let us write E[Υ(α, ǫi/g(xi))|xi =

x] =
∑∞

k=1 Υk(α, ǫi/g(xi)) with

Υk(α, ǫi/g(xi)) =
(−1)k

k!

E[ǫk
i |xi = x]

gk(x)

k−1∏

j=0

(α + j)

from whcih we get

Υ′
k(α, ǫi/g(xi)) =

(−1)k

k!

dE[ǫk
i

|xi=x]
dx

gk(x)

k−1∏

j=0

(α + j) − k
g′(x)

g(x)
Υk(α, ǫi/g(xi)).

Assuming supx |g′(x)/g(x)| < ∞ and

∣∣∣∣
dE[ǫk

i
|xi=x]

dx /gk(x)

∣∣∣∣ < Lk with L < 1 for all k and

all x, then

|Υ′
k(α, ǫi/g(xi))| ≤ αLk + k sup

x

|g′(x)|
g(x)

αMk.

Note that if the prediction error ǫi is independent of the trade size xi, then L can

be chosen as 0. From the above we get
∑∞

k=1 supx |Υ′
k(α, ǫi/g(xi))| ≤ αL/(1 − L) +

supx |g′(x)/g(x)|αM/((1−M)2) establishing the uniform convergence of
∑∞

k=1 Υ′
k(α, ǫi/g(xi)).

Therefore we can bound the second term of (45) by Ψx(0){αL/(1−L)+supx |g′(x)/g(x)|αM/((1−
M)2)} yielding

|R(α, x)| ≤ |Ψ′
x(0) − Ψx(0)/x|α M

1 − M
+ Ψx(0)

{
α

L

1 − L
+ sup

x

|g′(x)|
g(x)

α
M

(1 − M)2

}
.

A sufficient condition for |R(α, x)| < |Ψ′
x(0) − Ψx(0)/x| is given by

Ψx(0)

|Ψ′
x(0) − Ψx(0)

x |

{
sup

x

|g′(x)|
g(x)

α
M

(1 − M)2
+ α

L

1 − L

}
< 1 − α

M

1 − M
=

1 − M − αM

1 − M
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Using the special structure of the power law case Ψx(0) = ∆
(

x
g(x)

)α
, one can show

that

Ψx(0)

Ψ′
x(0) − Ψx(0)

x

α
g′(x)

g(x)
=

xg′(x)/g(x)

1 − 1/α − xg′(x)/g(x)
=

EL(x)

1 − 1/α − EL(x)

Choose a constant C > 0 such that αL/(1 − L) + supx |g′(x)/g(x)|αM/((1 − M)2) <

C supx |g′(x)/g(x)|αM/((1 − M)2).

sup
x

|EL(x)|
|1 − 1/α − ELx| ≤ 1

C

(1 − M)(1 − M − αM)

M
(46)

is a sufficient condition to guarantee |R(α, x)| < |Ψ′
x(0) − Ψx(0)

x |.
Note that for the case that the prediction error is independent of the trade size

we had L = 0 and then one can choose C = 1. Furthermore, the term on the left

hand side simplifies under constant elasticity, EL(x) = q as assumed in the empirical

analysis. The above analysis can be summarized to the follwoing, which is the most

relevant for the empirical analysis.

Proposition 2. Sufficient conditions for decreasing TIPS

In the case of power law shaped limit order book markets with α ∈ (0, 1], if

(a) the predictions by the traders are reasonable in the sense that di−E[di|xi=x]
E[di|xi=x] =:

ǫi

g(x) ≤ M < 1 and supx |g′(x)/g(x) < |∞

(b) the prediction error ǫi is independent of the trade size xi

(c) and there is constant liquidity elasticity in the market EL(x) = q,

then the following two conditions are jointly sufficient to ensure a decreasing TIPS:

(i) 1 − 1/α − q < 0.

(ii) |q|
|1−1/α−q| < (1−M)(1−M−αM)

M . �

The first of these two conditions is directly testable given estimates of α and q and

is the principal testable prediction investigated in Section 4.4 of the main text. Note,

that for the second condition we can calculate a M given estimates of q and α and

check whether M < 1. Solving

1

1̂/q − 1/α̂1̂/q − 1
=

(1 − M)2

M

for M gives a solution that is less than one for all stocks irrespective of the depth

measure used to estimate 1/q and α in (33) and (37). The cross-sectional mean of the

so obtained M is between 0.7 and 0.75 depending on the depth measure used.
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C Bandwidth Choice

The bandwidth is chosen by using hold out in order to minimize the prediction error

of the fit in the last month of our data. Given the data {(ln(di), ln(xi))}N
i=1, the steps

are as follows:

1. Split the sample in two parts: A training sample {(ln(di), ln(xi))}M
i=1} consisting

of the data in the first two months and a test sample {(ln(di), ln(xi))}N
i=M+1}

consisting of the data in the third month. The index M + 1 is thus the index of

the first trade in the third month.

2. Find the unique regressor values in the test sample that are within the estima-

tion range and collect them to form X = (ln(xtest
1 ), . . . , ln(xtest

q ))′. Estimate the

function md at each value in X using a bandwidth h from a grid of bandwidth

values H. For each h ∈ H we then get an estimator m̂d
h.

3. Choose h ∈ H to minimize the squared prediction error for points in the test set

within the estimation range

ĥ = arg min
h∈H

N∑

i=M+1

[ln(di) − m̂d
h(ln(xi))]

21ln(xi)∈X .

4. The final estimate of md presented in Section 4.3 is md
ĥ
: The local linear ker-

nel regression estimator with bandwidth parameter ĥ estimated using the entire

sample {(ln(di), ln(xi))}N
i=1.

In Step 3 the grid of bandwidth values used should preferably be chosen so that ĥ is

an interior solution, taking neither the largest nor the smallest value of the grid. The

chosen bandwidth grids encompassed values in terms of fractions of the estimation range

from 0.001 to 1. The lowest bandwidth value was only selected for once: for one stock

in the estimation of m∆. The highest bandwidth was selected for 5 stocks’ estimators

of mδ and for one stock’s estimator of m∆. Note that choosing a large bandwidth for

the local linear regressor will lead to estimates that appear very linear as any smaller

structure is smoothed out. Finally, in particular for the case of estimating mδ, the set

of test points X could be very large. Whenever X contained more than 1000 points,

the estimator was calculated on an equidistant grid of points spanning the range of the

X . The fits needed in step 4 were then based on linearly interpolating the estimates.

D Bootstrap Procedure

A simple bootstrap procedure was used to get an uncertaininty quantification of our

nonparametric estimates m̂d, m̂∆ and m̂δ. Again, we will only detail the procedure for
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m̂d, the steps for the other estimators are analogous. Recall that m̂d was estimated

based on the data {(ln(di), ln(xi))}N
i=1. The steps of the bootstrap procedure are as

follows:

1. For b ∈ {1, . . . , 500}, draw with replacement N data points from the original

sample to form the boostrap sample {(ln(d
[b]
i ), ln(x

[b]
i ))}N

i=1.

2. For each bootstrap sample estimate md yielding B = 500 estimates {m̂d,[b], b =

1, . . . , B}. The bandwidth used in the estimation is taken to be ĥ: the one

determined in the estimation of the orginal data.

3. The quantile curves given in the main text are pointswise quantile curves, that

is for every u, calculate the desired quantile of m̂d,[b](u), b = 1, . . . , B.

It is conceivable to include a bandwidth selection step as detailed in the previous

subsection for each bootstrap estimate in Step 2. However, this greatly increases the

computational burden of the procedure and on inspection for some selected stocks,

there was little change in the selected bandwidth compared to ĥ.

E Cross-sectional aggregation

In this section we provide some details on the aggregation procedure used to obtain the

estimtes in Table 3. The procedure is based on random effects meta analysis as detailed

in Higgins et al. (2009). In contrast to the related Bayes Hierarchical approach as in

DuMouchel (1994), we will not have to specify prior distributions for the parameters

of the distribution governing the overall effects. We will give the details for the specific

case of calculating the aggregate estimate of the slope parameter γ in (??). The method

for calculating the other aggregate estimates is the same.

Let γ̂i denote the estimate of γ for stock i. Similarly, s2
i is the corresponding esti-

mated variance. This esimate is the heteroscedasticity and autocorrelation consistent

estimator s2
γ mentioned in the text. For notational convenience, we will not include

the γ subscript on the estimated variance. The method assumes that the estimates for

each stock a normally distributed

γ̂i ∼ N(γi, σ2
i ). (47)

Furthermore, the method assumes that all the actual effects γi are i.i.d. draws from an

unknown distribution, whose first two moments are given by E[γi] = γ and Var[γi] = σ2.

The aim of the exercise is to obtain estimates of γ and σ2. We will follow the convention

and ignore any uncertainty in estimating the variance of the estimates, i.e. replace the

unknown σ2
i by the estimates s2

i . Classical estimates for γ and σ2 according to the
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formulas provided in Higgins et al. (2009) and attributed to DerSimonian and Laird

(1986) and Whitehead and Whitehead (1991) are given by

γ̂ =
100∑

i=1

wiγ̂i with weights wi =
(s2

i + σ̂2)−1

∑100
j=1(s2

j + σ̂2)−1
,

where

σ̂2 = max

{
0,

Q − (100 − 1)
∑100

j=1 s−2
j − ∑100

j=1 s−4
j /

∑100
j=1 s−2

j

}

with

Q =
100∑

i=1

(γ̂i − γ̃)2s−2
i and γ̃ =

∑100
i=1 γ̂is

−2
i∑100

i=1 s−2
i

.

Table 3 reports γ̂ along with its standard error ŜE(γ̂) =
√

1/
∑100

i=1 wi. Note, that γ̂ is

simply a weighted average of the stock specific estimates for which the weights wi are

larger the smaller s2
i and thus the more precise the stock specific parameter estimates

are.

F Estimation Results

The following two tables provide the estimates of by stock of the liquidity elasticity

parameter q in (32), order book shape parameter α in (33) along with the estimate of

the nonlinear combination α − αq − 1 needed to indirectly evaulate for the presence

of a decreasing TIPS aswell as the estimate for γ in the reduced form model (??),

which allows to directly evaluate the presence of a decreasing TIPS. Table 6 gives the

estimates for all 100 stocks using the depth measures d1 and d2. Table 7 contains

the corresponding estimates using the depth measures d3, d4 and d5. The coefficient

estimates are obtained by estimating the corresponding models by least squares using

the restricted data comprising all trades that had a trade size of at least 100 shares.

Along with the coefficient estimates the tables also report the heteroscedasticity and

autocorrelation consistent standard errors in parentheses.

Table 6: Stockwise Estimates using depth measures d1 and d2. The table presents the

stockwise estimates along with the corresponding standard errors in parentheses of the inverse

liquidity elasticity 1/q in (37), the order book shape parameter α in (33) and the estimate of

γ := γ(1/q, α) = α1/q − 1/q − α based on using the depth measures d1 and d2.

d = d1 d = d2

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

AAPL
0.487 -0.084 -0.444 0.367 0.048 -0.397

(0.005) (0.004) (0.006) (0.004) (0.005) (0.005)

ADBE
0.84 0.114 -0.858 0.565 0.108 -0.612

Continued on next page
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Table 6 – continued from previous page

d = d1 d = d2

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

(0.007) (0.007) (0.006) (0.005) (0.003) (0.004)

ADI
0.892 0.066 -0.899 0.643 0.045 -0.659

(0.008) (0.008) (0.007) (0.007) (0.003) (0.006)

ADP
0.817 0.041 -0.824 0.514 0.096 -0.561

(0.011) (0.007) (0.011) (0.006) (0.004) (0.005)

ADSK
0.884 0.098 -0.895 0.568 0.074 -0.6

(0.007) (0.009) (0.006) (0.005) (0.003) (0.005)

AKAM
0.754 0.044 -0.765 0.53 0.073 -0.564

(0.009) (0.005) (0.009) (0.005) (0.004) (0.005)

ALTR
0.921 0.056 -0.926 0.703 0.042 -0.716

(0.006) (0.009) (0.005) (0.006) (0.003) (0.006)

ALXN
0.366 -0.038 -0.342 0.325 0.107 -0.397

(0.009) (0.008) (0.011) (0.008) (0.01) (0.01)

AMAT
0.965 0.049 -0.967 0.905 0.008 -0.906

(0.004) (0.009) (0.003) (0.012) (0.001) (0.012)

AMGN
0.635 0.053 -0.654 0.456 0.077 -0.498

(0.009) (0.006) (0.008) (0.005) (0.005) (0.006)

AMZN
0.416 -0.096 -0.36 0.368 0.081 -0.419

(0.007) (0.007) (0.009) (0.005) (0.008) (0.007)

ATVI
0.957 0.059 -0.96 0.806 0.02 -0.81

(0.004) (0.009) (0.004) (0.01) (0.002) (0.01)

AVGO
0.738 0.048 -0.751 0.558 0.081 -0.593

(0.01) (0.006) (0.01) (0.006) (0.005) (0.006)

BBBY
0.822 0.066 -0.834 0.521 0.064 -0.552

(0.009) (0.006) (0.008) (0.005) (0.003) (0.005)

BIDU
0.667 -0.084 -0.639 0.415 0.066 -0.453

(0.008) (0.008) (0.009) (0.006) (0.007) (0.007)

BIIB
0.387 -0.127 -0.31 0.379 0.094 -0.438

(0.01) (0.011) (0.013) (0.008) (0.015) (0.012)

BRCM
0.948 0.073 -0.952 0.83 0.022 -0.834

(0.004) (0.006) (0.004) (0.009) (0.002) (0.009)

CA
0.938 0.032 -0.94 0.779 0.017 -0.783

(0.005) (0.006) (0.005) (0.008) (0.003) (0.008)

CELG
0.557 -0.023 -0.547 0.419 0.067 -0.457

(0.008) (0.007) (0.009) (0.006) (0.007) (0.007)

CERN
0.806 0.041 -0.814 0.5 0.082 -0.541

(0.01) (0.007) (0.01) (0.005) (0.004) (0.005)

CHKP
0.599 0.028 -0.61 0.433 0.04 -0.456

(0.014) (0.007) (0.014) (0.008) (0.008) (0.009)

CHRW
0.853 0.09 -0.867 0.556 0.079 -0.591

(0.01) (0.012) (0.009) (0.006) (0.005) (0.006)

CHTR
0.456 -0.003 -0.454 0.397 0.065 -0.436

(0.012) (0.009) (0.013) (0.009) (0.012) (0.011)

CMCSA
0.933 0.069 -0.937 0.778 0.017 -0.781

(0.003) (0.005) (0.003) (0.004) (0.001) (0.004)

COST
0.694 0.088 -0.721 0.476 0.093 -0.525

(0.011) (0.007) (0.01) (0.005) (0.005) (0.005)

CSCO
0.949 0.02 -0.95 0.826 0.003 -0.827

(0.004) (0.004) (0.003) (0.01) (0.001) (0.01)

CTRX
0.826 0.055 -0.835 0.531 0.081 -0.569

(0.009) (0.008) (0.009) (0.005) (0.004) (0.005)

CTSH
0.734 0.056 -0.749 0.434 0.121 -0.503

(0.01) (0.008) (0.009) (0.004) (0.004) (0.005)

Continued on next page
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Table 6 – continued from previous page

d = d1 d = d2

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

CTXS
0.797 0.107 -0.819 0.57 0.09 -0.609

(0.008) (0.007) (0.007) (0.005) (0.003) (0.005)

DISCA
0.641 0.034 -0.653 0.473 0.073 -0.511

(0.012) (0.007) (0.012) (0.005) (0.005) (0.006)

DISH
0.794 0.098 -0.814 0.549 0.104 -0.596

(0.009) (0.008) (0.008) (0.005) (0.004) (0.005)

DLTR
0.895 0.078 -0.903 0.584 0.07 -0.613

(0.007) (0.009) (0.007) (0.005) (0.004) (0.005)

DTV
0.824 0.09 -0.84 0.547 0.093 -0.589

(0.007) (0.008) (0.007) (0.004) (0.003) (0.004)

EBAY
0.923 0.106 -0.932 0.748 0.036 -0.757

(0.003) (0.005) (0.003) (0.005) (0.002) (0.005)

EQIX
0.36 -0.138 -0.272 0.375 -0.102 -0.311

(0.013) (0.012) (0.017) (0.011) (0.017) (0.016)

ESRX
0.848 0.056 -0.857 0.544 0.066 -0.574

(0.006) (0.006) (0.006) (0.004) (0.003) (0.004)

EXPD
0.891 0.04 -0.895 0.593 0.053 -0.615

(0.01) (0.01) (0.009) (0.007) (0.004) (0.007)

EXPE
0.601 0.043 -0.618 0.47 0.112 -0.529

(0.009) (0.005) (0.009) (0.005) (0.004) (0.005)

FAST
0.858 0.113 -0.874 0.583 0.081 -0.617

(0.009) (0.009) (0.008) (0.005) (0.003) (0.005)

FB
0.922 0.107 -0.931 0.658 0.027 -0.667

(0.002) (0.003) (0.002) (0.004) (0.001) (0.004)

FFIV
0.409 0.021 -0.422 0.375 0.116 -0.447

(0.008) (0.005) (0.009) (0.006) (0.006) (0.007)

FISV
0.803 0.057 -0.814 0.493 0.058 -0.522

(0.013) (0.01) (0.012) (0.007) (0.004) (0.007)

FOXA
0.929 0.052 -0.933 0.738 0.026 -0.745

(0.004) (0.004) (0.004) (0.007) (0.002) (0.007)

GILD
0.861 0.099 -0.875 0.55 0.064 -0.579

(0.004) (0.004) (0.004) (0.003) (0.002) (0.003)

GMCR
0.554 -0.014 -0.548 0.423 0.061 -0.458

(0.008) (0.005) (0.008) (0.006) (0.006) (0.006)

GOOG
0.237 -0.112 -0.152 0.293 0.166 -0.41

(0.007) (0.009) (0.01) (0.007) (0.013) (0.011)

GRMN
0.714 0.048 -0.728 0.502 0.073 -0.539

(0.012) (0.007) (0.012) (0.008) (0.005) (0.008)

HSIC
0.465 -0.094 -0.414 0.403 0.003 -0.405

(0.021) (0.014) (0.024) (0.014) (0.017) (0.017)

ILMN
0.45 -0.099 -0.396 0.364 0.093 -0.423

(0.01) (0.009) (0.012) (0.007) (0.011) (0.009)

INTC
0.953 0.042 -0.955 0.791 0.006 -0.792

(0.004) (0.006) (0.004) (0.01) (0.001) (0.01)

INTU
0.803 0.071 -0.817 0.527 0.111 -0.579

(0.011) (0.009) (0.01) (0.005) (0.004) (0.005)

ISRG
0.136 -0.042 -0.1 0.198 0.242 -0.392

(0.007) (0.013) (0.013) (0.009) (0.019) (0.017)

KLAC
0.717 0.057 -0.733 0.521 0.082 -0.56

(0.013) (0.007) (0.012) (0.006) (0.004) (0.006)

KRFT
0.87 0.11 -0.885 0.629 0.061 -0.651

(0.008) (0.009) (0.007) (0.006) (0.003) (0.006)

LBTYA
0.795 0.042 -0.804 0.492 0.156 -0.571
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Table 6 – continued from previous page

d = d1 d = d2

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

(0.009) (0.008) (0.009) (0.004) (0.005) (0.005)

LINTA
0.908 0.078 -0.916 0.664 0.046 -0.68

(0.008) (0.013) (0.007) (0.009) (0.004) (0.008)

LLTC
0.92 0.051 -0.925 0.645 0.046 -0.662

(0.006) (0.008) (0.006) (0.006) (0.003) (0.006)

LMCA
0.344 -0.1 -0.279 0.293 -0.014 -0.284

(0.012) (0.01) (0.015) (0.009) (0.013) (0.013)

MAR
0.875 0.103 -0.888 0.619 0.083 -0.651

(0.008) (0.01) (0.008) (0.006) (0.004) (0.006)

MAT
0.923 0.109 -0.931 0.699 0.061 -0.718

(0.005) (0.011) (0.005) (0.006) (0.003) (0.005)

MDLZ
0.944 0.07 -0.948 0.86 0.008 -0.861

(0.003) (0.006) (0.003) (0.008) (0.002) (0.008)

MNST
0.592 0.043 -0.61 0.447 0.079 -0.491

(0.012) (0.007) (0.012) (0.007) (0.006) (0.007)

MSFT
0.934 0.043 -0.937 0.77 0.01 -0.772

(0.003) (0.004) (0.003) (0.006) (0.001) (0.006)

MU
0.957 0.058 -0.96 0.818 0.014 -0.82

(0.003) (0.004) (0.002) (0.006) (0.001) (0.006)

MXIM
0.949 0.058 -0.952 0.795 0.025 -0.8

(0.005) (0.009) (0.004) (0.01) (0.003) (0.009)

MYL
0.878 0.081 -0.888 0.57 0.103 -0.614

(0.006) (0.007) (0.005) (0.004) (0.003) (0.004)

NFLX
0.332 -0.09 -0.272 0.34 0.141 -0.433

(0.007) (0.007) (0.009) (0.006) (0.009) (0.008)

NTAP
0.915 0.028 -0.917 0.706 0.031 -0.715

(0.005) (0.006) (0.005) (0.005) (0.002) (0.005)

NVDA
0.952 0.019 -0.953 0.825 0 -0.825

(0.006) (0.01) (0.006) (0.013) (0.002) (0.013)

NXPI
0.838 0.071 -0.85 0.582 0.079 -0.615

(0.007) (0.006) (0.007) (0.005) (0.003) (0.005)

ORLY
0.363 -0.034 -0.341 0.366 0.096 -0.426

(0.012) (0.009) (0.013) (0.01) (0.011) (0.011)

PAYX
0.926 0.054 -0.93 0.676 0.046 -0.691

(0.006) (0.009) (0.006) (0.007) (0.003) (0.007)

PCAR
0.836 0.09 -0.851 0.557 0.072 -0.589

(0.009) (0.009) (0.009) (0.005) (0.004) (0.005)

PCLN
0.147 -0.116 -0.048 0.219 0.324 -0.472

(0.007) (0.014) (0.014) (0.009) (0.023) (0.019)

QCOM
0.9 0.06 -0.906 0.64 0.037 -0.654

(0.004) (0.005) (0.004) (0.005) (0.002) (0.005)

REGN
0.259 -0.083 -0.197 0.282 0.175 -0.408

(0.008) (0.011) (0.011) (0.008) (0.014) (0.012)

ROST
0.834 0.121 -0.855 0.553 0.098 -0.597

(0.009) (0.009) (0.008) (0.005) (0.004) (0.005)

SBAC
0.635 -0.009 -0.632 0.447 0.034 -0.465

(0.016) (0.009) (0.016) (0.007) (0.008) (0.008)

SBUX
0.857 0.075 -0.868 0.6 0.064 -0.626

(0.006) (0.006) (0.005) (0.004) (0.002) (0.004)

SIAL
0.492 -0.008 -0.488 0.415 0.068 -0.455

(0.015) (0.008) (0.016) (0.009) (0.009) (0.01)

SIRI
0.954 0.001 -0.954 0.881 -0.001 -0.881

(0.009) (4e-04) (0.009) (0.084) (0.001) (0.084)
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Table 6 – continued from previous page

d = d1 d = d2

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

SNDK
0.708 0.04 -0.72 0.487 0.086 -0.531

(0.008) (0.005) (0.007) (0.005) (0.003) (0.005)

SPLS
0.956 0.033 -0.958 0.894 0.007 -0.895

(0.006) (0.009) (0.005) (0.015) (0.002) (0.015)

SRCL
0.328 -0.018 -0.316 0.316 0.088 -0.376

(0.014) (0.011) (0.016) (0.012) (0.013) (0.014)

STX
0.891 0.07 -0.898 0.547 0.074 -0.58

(0.006) (0.008) (0.006) (0.004) (0.003) (0.004)

SYMC
0.935 0.04 -0.937 0.827 0.017 -0.83

(0.006) (0.007) (0.005) (0.009) (0.003) (0.009)

TRIP
0.639 -0.034 -0.627 0.456 0.078 -0.499

(0.011) (0.008) (0.012) (0.007) (0.007) (0.007)

TSCO
0.687 0.042 -0.701 0.427 0.072 -0.469

(0.012) (0.009) (0.012) (0.007) (0.006) (0.007)

TSLA
0.489 -0.135 -0.42 0.393 0.069 -0.435

(0.006) (0.005) (0.007) (0.004) (0.005) (0.005)

TXN
0.947 0.062 -0.95 0.796 0.015 -0.799

(0.004) (0.007) (0.004) (0.007) (0.002) (0.007)

VIAB
0.83 0.062 -0.841 0.496 0.08 -0.536

(0.009) (0.008) (0.008) (0.004) (0.003) (0.004)

VIP
0.96 0.037 -0.961 0.778 0.011 -0.78

(0.006) (0.009) (0.005) (0.021) (0.003) (0.021)

VOD
0.906 0.038 -0.91 0.6 0.01 -0.605

(0.005) (0.006) (0.005) (0.008) (0.001) (0.008)

VRSK
0.67 0.046 -0.685 0.51 0.066 -0.542

(0.017) (0.008) (0.016) (0.009) (0.006) (0.009)

VRTX
0.652 -0.051 -0.634 0.445 0.099 -0.5

(0.013) (0.01) (0.014) (0.008) (0.01) (0.009)

WDC
0.639 0.015 -0.644 0.46 0.075 -0.5

(0.009) (0.006) (0.01) (0.005) (0.005) (0.005)

WFM
0.891 0.11 -0.903 0.571 0.069 -0.601

(0.006) (0.008) (0.005) (0.004) (0.002) (0.004)

WYNN
0.327 -0.041 -0.299 0.319 0.128 -0.406

(0.008) (0.007) (0.01) (0.007) (0.009) (0.009)

XLNX
0.901 0.058 -0.907 0.634 0.039 -0.649

(0.006) (0.006) (0.005) (0.006) (0.002) (0.005)

YHOO
0.941 0.107 -0.948 0.79 0.024 -0.795

(0.003) (0.005) (0.002) (0.005) (0.001) (0.005)

Table 7: Stockwise Estimates using depth measures d3, d4 and d5. The table presents

the stockwise estimates along with the corresponding standard errors in parentheses of the

liquidity elasticity 1/q in (37), the order book shape parameter α in (33) and the estimate of

γ := γ(1/q, α) = α1/q − 1/q − αq based on using the depth measures d3, d4 and d5.

d = d3 d = d4 d = d5

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

AAPL
0.284 0.002 -0.285 0.241 -0.025 -0.222 0.215 -0.033 -0.189

(0.003) (0.005) (0.005) (0.003) (0.005) (0.005) (0.003) (0.005) (0.005)

ADBE
0.44 0.11 -0.502 0.364 0.112 -0.436 0.324 0.113 -0.401

(0.005) (0.003) (0.004) (0.004) (0.003) (0.004) (0.004) (0.003) (0.004)

ADI
0.526 0.048 -0.548 0.446 0.046 -0.471 0.405 0.046 -0.433
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Table 7 – continued from previous page

d = d3 d = d4 d = d5

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

(0.007) (0.003) (0.007) (0.007) (0.003) (0.007) (0.007) (0.002) (0.007)

ADP
0.404 0.105 -0.467 0.336 0.106 -0.406 0.301 0.109 -0.377

(0.006) (0.004) (0.006) (0.005) (0.004) (0.005) (0.005) (0.004) (0.005)

ADSK
0.427 0.079 -0.472 0.339 0.083 -0.394 0.294 0.086 -0.354

(0.005) (0.003) (0.005) (0.005) (0.003) (0.005) (0.005) (0.003) (0.005)

AKAM
0.416 0.081 -0.463 0.341 0.085 -0.398 0.303 0.09 -0.366

(0.005) (0.003) (0.005) (0.005) (0.003) (0.005) (0.005) (0.003) (0.005)

ALTR
0.578 0.039 -0.594 0.495 0.037 -0.513 0.453 0.034 -0.472

(0.006) (0.002) (0.006) (0.006) (0.002) (0.006) (0.006) (0.002) (0.006)

ALXN
0.285 0.086 -0.347 0.265 0.059 -0.308 0.251 0.032 -0.276

(0.007) (0.012) (0.01) (0.007) (0.012) (0.011) (0.007) (0.013) (0.012)

AMAT
0.792 0.005 -0.793 0.728 0.003 -0.729 0.698 0.003 -0.699

(0.012) (0.001) (0.012) (0.012) (0.001) (0.012) (0.012) (0.001) (0.012)

AMGN
0.356 0.076 -0.405 0.305 0.081 -0.362 0.278 0.085 -0.339

(0.005) (0.005) (0.006) (0.005) (0.005) (0.006) (0.005) (0.005) (0.006)

AMZN
0.299 0.065 -0.344 0.263 0.047 -0.298 0.239 0.02 -0.254

(0.005) (0.008) (0.007) (0.004) (0.008) (0.007) (0.004) (0.008) (0.007)

ATVI
0.722 0.014 -0.726 0.648 0.011 -0.652 0.621 0.011 -0.625

(0.01) (0.002) (0.009) (0.01) (0.002) (0.01) (0.01) (0.002) (0.01)

AVGO
0.472 0.092 -0.521 0.413 0.102 -0.473 0.373 0.107 -0.44

(0.006) (0.005) (0.006) (0.006) (0.005) (0.006) (0.006) (0.005) (0.006)

BBBY
0.397 0.073 -0.441 0.321 0.076 -0.373 0.277 0.079 -0.334

(0.005) (0.003) (0.005) (0.004) (0.003) (0.005) (0.004) (0.003) (0.005)

BIDU
0.317 0.014 -0.327 0.271 -0.011 -0.262 0.24 -0.031 -0.216

(0.005) (0.006) (0.007) (0.005) (0.006) (0.007) (0.005) (0.007) (0.007)

BIIB
0.32 0.08 -0.375 0.282 0.027 -0.302 0.256 -0.006 -0.252

(0.008) (0.015) (0.013) (0.008) (0.015) (0.013) (0.008) (0.015) (0.014)

BRCM
0.702 0.02 -0.708 0.628 0.018 -0.635 0.594 0.018 -0.601

(0.009) (0.002) (0.009) (0.009) (0.002) (0.008) (0.008) (0.002) (0.008)

CA
0.648 0.017 -0.654 0.555 0.019 -0.563 0.508 0.02 -0.518

(0.008) (0.003) (0.008) (0.008) (0.003) (0.008) (0.009) (0.003) (0.008)

CELG
0.341 0.039 -0.367 0.307 0.032 -0.329 0.285 0.017 -0.297

(0.006) (0.007) (0.007) (0.006) (0.007) (0.007) (0.006) (0.007) (0.007)

CERN
0.406 0.099 -0.465 0.357 0.104 -0.424 0.323 0.107 -0.396

(0.005) (0.004) (0.005) (0.005) (0.004) (0.005) (0.005) (0.004) (0.005)

CHKP
0.334 0.046 -0.364 0.28 0.057 -0.322 0.253 0.069 -0.305

(0.007) (0.007) (0.008) (0.007) (0.006) (0.008) (0.007) (0.006) (0.008)

CHRW
0.444 0.078 -0.488 0.373 0.078 -0.421 0.332 0.078 -0.385

(0.006) (0.004) (0.006) (0.006) (0.004) (0.006) (0.006) (0.004) (0.006)

CHTR
0.322 0.073 -0.371 0.292 0.086 -0.353 0.268 0.099 -0.341

(0.008) (0.012) (0.011) (0.008) (0.012) (0.011) (0.007) (0.012) (0.011)

CMCSA
0.681 0.014 -0.685 0.626 0.013 -0.63 0.611 0.012 -0.615

(0.005) (0.001) (0.005) (0.005) (0.001) (0.005) (0.005) (0.001) (0.005)

COST
0.354 0.09 -0.412 0.289 0.093 -0.355 0.25 0.098 -0.323

(0.005) (0.004) (0.005) (0.004) (0.004) (0.005) (0.004) (0.004) (0.005)

CSCO
0.735 0.002 -0.736 0.706 0.002 -0.706 0.699 0.002 -0.7

(0.01) (0.001) (0.01) (0.011) (0.001) (0.011) (0.012) (0.001) (0.012)

CTRX
0.407 0.089 -0.459 0.341 0.102 -0.408 0.304 0.107 -0.378

(0.005) (0.003) (0.005) (0.005) (0.004) (0.005) (0.005) (0.004) (0.005)

CTSH
0.328 0.122 -0.41 0.282 0.125 -0.372 0.26 0.128 -0.355

(0.004) (0.004) (0.004) (0.004) (0.003) (0.004) (0.004) (0.003) (0.004)

CTXS
0.472 0.097 -0.523 0.401 0.098 -0.46 0.353 0.098 -0.416

(0.005) (0.003) (0.005) (0.005) (0.003) (0.005) (0.005) (0.003) (0.005)
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Table 7 – continued from previous page

d = d3 d = d4 d = d5

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

DISCA
0.371 0.08 -0.421 0.317 0.087 -0.376 0.29 0.094 -0.357

(0.005) (0.004) (0.005) (0.005) (0.004) (0.005) (0.005) (0.004) (0.005)

DISH
0.442 0.11 -0.503 0.371 0.113 -0.442 0.331 0.113 -0.406

(0.005) (0.003) (0.005) (0.005) (0.003) (0.005) (0.005) (0.003) (0.005)

DLTR
0.471 0.071 -0.508 0.391 0.073 -0.435 0.346 0.076 -0.395

(0.006) (0.003) (0.005) (0.005) (0.003) (0.005) (0.005) (0.003) (0.005)

DTV
0.45 0.103 -0.507 0.382 0.104 -0.446 0.345 0.104 -0.413

(0.004) (0.003) (0.004) (0.004) (0.003) (0.004) (0.004) (0.003) (0.004)

EBAY
0.639 0.031 -0.65 0.568 0.029 -0.58 0.54 0.027 -0.553

(0.005) (0.001) (0.005) (0.005) (0.001) (0.005) (0.005) (0.001) (0.005)

EQIX
0.336 -0.133 -0.249 0.337 -0.132 -0.25 0.33 -0.157 -0.225

(0.011) (0.018) (0.017) (0.012) (0.019) (0.018) (0.013) (0.019) (0.019)

ESRX
0.446 0.071 -0.485 0.387 0.074 -0.433 0.355 0.077 -0.404

(0.005) (0.003) (0.004) (0.004) (0.003) (0.004) (0.004) (0.002) (0.004)

EXPD
0.487 0.058 -0.517 0.405 0.06 -0.441 0.357 0.06 -0.395

(0.007) (0.004) (0.007) (0.007) (0.004) (0.007) (0.007) (0.004) (0.007)

EXPE
0.375 0.125 -0.453 0.326 0.129 -0.413 0.295 0.131 -0.388

(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)

FAST
0.478 0.083 -0.521 0.41 0.084 -0.459 0.369 0.084 -0.422

(0.006) (0.003) (0.005) (0.006) (0.003) (0.005) (0.006) (0.003) (0.005)

FB
0.53 0.022 -0.541 0.458 0.02 -0.468 0.412 0.019 -0.423

(0.004) (0.001) (0.004) (0.004) (0.001) (0.004) (0.004) (0.001) (0.004)

FFIV
0.306 0.101 -0.375 0.266 0.103 -0.342 0.242 0.105 -0.322

(0.005) (0.006) (0.006) (0.005) (0.006) (0.006) (0.005) (0.006) (0.006)

FISV
0.395 0.067 -0.436 0.349 0.073 -0.396 0.32 0.076 -0.372

(0.007) (0.004) (0.007) (0.007) (0.004) (0.007) (0.007) (0.004) (0.007)

FOXA
0.639 0.024 -0.648 0.573 0.024 -0.583 0.529 0.024 -0.54

(0.007) (0.002) (0.007) (0.007) (0.002) (0.007) (0.007) (0.002) (0.007)

GILD
0.449 0.076 -0.491 0.395 0.08 -0.443 0.358 0.081 -0.41

(0.003) (0.002) (0.003) (0.003) (0.002) (0.003) (0.003) (0.002) (0.003)

GMCR
0.338 0.044 -0.368 0.298 0.046 -0.33 0.271 0.048 -0.306

(0.005) (0.006) (0.006) (0.005) (0.006) (0.006) (0.005) (0.006) (0.006)

GOOG
0.255 0.176 -0.386 0.228 0.144 -0.339 0.204 0.094 -0.279

(0.006) (0.014) (0.011) (0.006) (0.014) (0.012) (0.006) (0.014) (0.012)

GRMN
0.395 0.088 -0.448 0.337 0.092 -0.398 0.3 0.094 -0.366

(0.008) (0.005) (0.008) (0.008) (0.004) (0.007) (0.007) (0.004) (0.007)

HSIC
0.34 -0.008 -0.335 0.308 0.005 -0.312 0.296 0.018 -0.308

(0.013) (0.019) (0.018) (0.012) (0.018) (0.017) (0.012) (0.018) (0.018)

ILMN
0.284 0.064 -0.33 0.246 0.051 -0.284 0.218 0.034 -0.245

(0.006) (0.012) (0.01) (0.006) (0.011) (0.01) (0.005) (0.011) (0.01)

INTC
0.669 0.005 -0.671 0.611 0.004 -0.612 0.58 0.004 -0.581

(0.011) (0.001) (0.011) (0.011) (0.001) (0.011) (0.012) (0.001) (0.012)

INTU
0.435 0.12 -0.502 0.375 0.123 -0.452 0.337 0.125 -0.42

(0.006) (0.004) (0.006) (0.006) (0.004) (0.006) (0.006) (0.004) (0.006)

ISRG
0.198 0.214 -0.369 0.184 0.114 -0.277 0.176 -0.001 -0.175

(0.008) (0.022) (0.019) (0.007) (0.024) (0.02) (0.007) (0.025) (0.022)

KLAC
0.421 0.097 -0.477 0.36 0.102 -0.426 0.323 0.104 -0.393

(0.006) (0.004) (0.006) (0.006) (0.004) (0.006) (0.006) (0.004) (0.006)

KRFT
0.492 0.055 -0.52 0.419 0.054 -0.45 0.376 0.055 -0.41

(0.006) (0.003) (0.006) (0.006) (0.003) (0.006) (0.006) (0.003) (0.006)

LBTYA
0.385 0.151 -0.478 0.339 0.157 -0.443 0.312 0.165 -0.426

(0.004) (0.005) (0.005) (0.004) (0.005) (0.005) (0.005) (0.005) (0.005)

LINTA
0.545 0.04 -0.564 0.454 0.039 -0.475 0.416 0.038 -0.439

Continued on next page
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Table 7 – continued from previous page

d = d3 d = d4 d = d5

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

(0.009) (0.003) (0.008) (0.008) (0.003) (0.008) (0.008) (0.003) (0.008)

LLTC
0.499 0.046 -0.522 0.415 0.047 -0.443 0.379 0.047 -0.408

(0.006) (0.003) (0.006) (0.006) (0.003) (0.006) (0.006) (0.003) (0.006)

LMCA
0.258 -0.065 -0.21 0.26 -0.078 -0.203 0.257 -0.066 -0.208

(0.008) (0.015) (0.014) (0.009) (0.016) (0.015) (0.01) (0.016) (0.016)

MAR
0.489 0.082 -0.531 0.409 0.081 -0.457 0.361 0.081 -0.413

(0.006) (0.004) (0.006) (0.006) (0.003) (0.006) (0.006) (0.003) (0.006)

MAT
0.581 0.05 -0.602 0.492 0.049 -0.516 0.441 0.049 -0.468

(0.006) (0.003) (0.006) (0.006) (0.003) (0.006) (0.006) (0.003) (0.006)

MDLZ
0.739 0.006 -0.741 0.648 0.006 -0.65 0.593 0.006 -0.596

(0.008) (0.002) (0.008) (0.008) (0.001) (0.008) (0.007) (0.001) (0.007)

MNST
0.369 0.085 -0.422 0.335 0.086 -0.392 0.322 0.086 -0.381

(0.007) (0.005) (0.007) (0.007) (0.005) (0.007) (0.007) (0.005) (0.007)

MSFT
0.684 0.008 -0.687 0.651 0.007 -0.654 0.645 0.006 -0.647

(0.006) (0.001) (0.006) (0.006) (0.001) (0.006) (0.007) (0.001) (0.007)

MU
0.733 0.011 -0.736 0.698 0.01 -0.701 0.681 0.01 -0.684

(0.007) (0.001) (0.007) (0.007) (0.001) (0.007) (0.008) (0.001) (0.008)

MXIM
0.673 0.022 -0.68 0.589 0.02 -0.597 0.545 0.019 -0.553

(0.01) (0.002) (0.01) (0.009) (0.002) (0.009) (0.009) (0.002) (0.009)

MYL
0.468 0.111 -0.527 0.409 0.116 -0.477 0.375 0.121 -0.45

(0.004) (0.003) (0.004) (0.004) (0.003) (0.004) (0.004) (0.003) (0.004)

NFLX
0.288 0.13 -0.381 0.252 0.096 -0.324 0.233 0.057 -0.276

(0.005) (0.009) (0.008) (0.005) (0.009) (0.008) (0.005) (0.009) (0.008)

NTAP
0.574 0.031 -0.587 0.495 0.031 -0.51 0.461 0.032 -0.479

(0.005) (0.002) (0.005) (0.005) (0.002) (0.005) (0.005) (0.002) (0.005)

NVDA
0.729 0 -0.729 0.666 -0.001 -0.666 0.64 -0.002 -0.639

(0.013) (0.001) (0.013) (0.014) (0.001) (0.014) (0.015) (0.001) (0.015)

NXPI
0.462 0.088 -0.509 0.388 0.093 -0.445 0.345 0.095 -0.407

(0.005) (0.003) (0.005) (0.005) (0.003) (0.005) (0.004) (0.003) (0.004)

ORLY
0.312 0.093 -0.376 0.286 0.08 -0.344 0.274 0.078 -0.33

(0.008) (0.011) (0.011) (0.008) (0.012) (0.011) (0.009) (0.012) (0.012)

PAYX
0.538 0.044 -0.559 0.453 0.044 -0.477 0.412 0.044 -0.437

(0.007) (0.003) (0.007) (0.007) (0.003) (0.007) (0.007) (0.003) (0.006)

PCAR
0.454 0.079 -0.497 0.39 0.086 -0.443 0.347 0.089 -0.405

(0.005) (0.004) (0.005) (0.005) (0.004) (0.005) (0.005) (0.004) (0.005)

PCLN
0.211 0.354 -0.491 0.197 0.282 -0.423 0.179 0.186 -0.332

(0.008) (0.025) (0.02) (0.007) (0.025) (0.021) (0.007) (0.025) (0.021)

QCOM
0.52 0.033 -0.536 0.457 0.033 -0.475 0.426 0.033 -0.444

(0.005) (0.002) (0.005) (0.004) (0.002) (0.004) (0.004) (0.002) (0.004)

REGN
0.249 0.122 -0.341 0.225 0.052 -0.265 0.204 -0.012 -0.194

(0.007) (0.015) (0.013) (0.006) (0.016) (0.014) (0.007) (0.016) (0.014)

ROST
0.444 0.105 -0.502 0.375 0.108 -0.443 0.335 0.111 -0.408

(0.005) (0.003) (0.005) (0.005) (0.003) (0.005) (0.005) (0.003) (0.005)

SBAC
0.356 0.031 -0.376 0.322 0.043 -0.351 0.302 0.054 -0.34

(0.007) (0.008) (0.008) (0.007) (0.008) (0.008) (0.007) (0.008) (0.009)

SBUX
0.491 0.062 -0.522 0.425 0.064 -0.462 0.384 0.065 -0.424

(0.004) (0.002) (0.004) (0.004) (0.002) (0.004) (0.004) (0.002) (0.004)

SIAL
0.32 0.082 -0.376 0.274 0.092 -0.341 0.251 0.099 -0.325

(0.008) (0.008) (0.009) (0.008) (0.007) (0.009) (0.008) (0.007) (0.009)

SIRI
0.601 -0.001 -0.6 0.372 -0.001 -0.372 0.253 -0.001 -0.253

(0.116) (0.001) (0.116) (0.116) (0.001) (0.116) (0.121) (0.001) (0.121)

SNDK
0.391 0.096 -0.449 0.334 0.105 -0.405 0.3 0.114 -0.38

(0.004) (0.004) (0.004) (0.004) (0.003) (0.004) (0.004) (0.003) (0.004)
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Table 7 – continued from previous page

d = d3 d = d4 d = d5

STOCK 1̂/q α̂ γ̂ 1̂/q α̂ γ̂ 1̂/q α̂ γ̂

SPLS
0.799 0.006 -0.8 0.742 0.006 -0.744 0.733 0.005 -0.734

(0.015) (0.002) (0.015) (0.015) (0.001) (0.014) (0.015) (0.001) (0.015)

SRCL
0.264 0.078 -0.321 0.234 0.075 -0.291 0.221 0.072 -0.277

(0.01) (0.013) (0.014) (0.01) (0.013) (0.014) (0.01) (0.014) (0.014)

STX
0.44 0.085 -0.487 0.371 0.091 -0.428 0.331 0.092 -0.392

(0.004) (0.003) (0.004) (0.004) (0.003) (0.004) (0.004) (0.003) (0.004)

SYMC
0.742 0.013 -0.745 0.688 0.014 -0.693 0.666 0.013 -0.67

(0.009) (0.003) (0.009) (0.009) (0.003) (0.009) (0.009) (0.002) (0.009)

TRIP
0.361 0.104 -0.428 0.311 0.119 -0.393 0.28 0.126 -0.371

(0.006) (0.007) (0.007) (0.006) (0.007) (0.007) (0.006) (0.007) (0.007)

TSCO
0.317 0.088 -0.377 0.263 0.1 -0.336 0.234 0.108 -0.317

(0.006) (0.005) (0.007) (0.006) (0.005) (0.006) (0.006) (0.005) (0.006)

TSLA
0.312 0.041 -0.34 0.264 0.031 -0.287 0.234 0.033 -0.259

(0.004) (0.005) (0.005) (0.004) (0.005) (0.005) (0.004) (0.005) (0.005)

TXN
0.663 0.011 -0.667 0.568 0.011 -0.573 0.543 0.011 -0.548

(0.007) (0.002) (0.007) (0.007) (0.002) (0.007) (0.007) (0.002) (0.007)

VIAB
0.38 0.099 -0.441 0.316 0.105 -0.387 0.278 0.108 -0.356

(0.004) (0.003) (0.004) (0.004) (0.003) (0.004) (0.004) (0.003) (0.004)

VIP
0.613 0.011 -0.617 0.533 0.008 -0.536 0.507 0.007 -0.51

(0.019) (0.003) (0.019) (0.017) (0.003) (0.017) (0.016) (0.003) (0.016)

VOD
0.362 0.008 -0.368 0.253 0.008 -0.259 0.218 0.008 -0.224

(0.009) (0.001) (0.009) (0.009) (0.001) (0.009) (0.009) (0.001) (0.009)

VRSK
0.439 0.085 -0.486 0.394 0.094 -0.451 0.369 0.1 -0.432

(0.009) (0.006) (0.009) (0.009) (0.006) (0.009) (0.009) (0.006) (0.009)

VRTX
0.362 0.092 -0.421 0.31 0.079 -0.365 0.278 0.078 -0.334

(0.008) (0.009) (0.01) (0.009) (0.01) (0.011) (0.01) (0.01) (0.011)

WDC
0.35 0.079 -0.401 0.297 0.096 -0.365 0.268 0.111 -0.35

(0.004) (0.005) (0.005) (0.004) (0.004) (0.005) (0.004) (0.004) (0.005)

WFM
0.448 0.071 -0.488 0.374 0.071 -0.419 0.33 0.071 -0.378

(0.004) (0.002) (0.004) (0.004) (0.002) (0.004) (0.004) (0.002) (0.004)

WYNN
0.276 0.105 -0.352 0.256 0.072 -0.31 0.241 0.045 -0.275

(0.007) (0.01) (0.009) (0.006) (0.011) (0.01) (0.006) (0.011) (0.01)

XLNX
0.503 0.044 -0.525 0.429 0.045 -0.455 0.396 0.046 -0.424

(0.006) (0.002) (0.005) (0.005) (0.002) (0.005) (0.005) (0.002) (0.005)

YHOO
0.674 0.02 -0.68 0.612 0.019 -0.619 0.585 0.018 -0.592

(0.005) (0.001) (0.005) (0.005) (0.001) (0.005) (0.005) (0.001) (0.005)

G Stockwise Descriptive Statistics

The following two tables provide the desctiptives as presented in Table 1 for all 100

individual stocks in the sample.
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Table 8: Time averages of stock characteristics by stock and cross-sectional summary

statistics thereof. The first 100 rows give averages for all the stocks in the NASDAQ100

over the sample period: January, February and March 2014. The data consist of all trades

with a nonzero price impact. The last 7 rows contain descriptive statistics (Mean, Standard

Deviation, Minimum, 10 th smallest, Median, 10 th largest, Maximum) calculated over all the

stock averages. The column Spr contains the average spread in cents. The columns dj contain

the cumulative depth level up until the jth level. RV contains the average of the daily realized

variance in cents2. The daily RV is calculated as the sum of the squared midquote increases.

Price is the average of the midquote in dollars. Size is the average trade size in shares. Obs

contains the total number of trades.

Spr d1 d2 d3 d4 d5 RV Price Size Obs

AAPL 4.71 100 293 481 680 891 57896 531.83 106 260049

ADBE 1.20 202 753 1532 2508 3578 1611 64.53 204 82865

ADI 1.07 230 967 1977 3286 4732 492 50.54 227 43211

ADP 1.18 168 716 1461 2373 3387 939 77.31 168 53514

ADSK 1.15 207 753 1537 2576 3738 527 51.96 206 62103

AKAM 1.25 176 613 1182 1894 2686 1041 55.83 176 71010

ALTR 1.07 395 1676 3293 5409 7803 657 34.23 385 36683

ALXN 4.99 89 212 322 439 563 34014 159.27 96 68566

AMAT 1.01 2019 9222 17793 27776 38028 93 18.57 1968 19573

AMGN 1.92 132 372 636 922 1214 5613 121.49 136 109692

AMZN 6.36 90 228 349 459 566 65734 369.34 96 127809

ATVI 1.04 1059 4644 9045 14443 19979 112 19.16 1022 21056

AVGO 1.41 170 540 996 1516 2079 1338 58.94 173 51695

BBBY 1.19 181 638 1304 2152 3099 653 67.76 180 64617

BIDU 5.20 136 387 625 864 1119 33747 167.35 141 110021

BIIB 13.50 96 241 380 518 657 161223 317.57 101 62864

BRCM 1.03 717 3095 6077 9699 13644 272 30.05 700 37698

CA 1.04 400 1781 3670 6312 9227 529 32.52 380 28469

CELG 3.25 110 280 434 588 751 16648 156.98 116 117996

CERN 1.25 158 586 1151 1789 2493 714 57.47 159 51910

CHKP 1.51 133 406 763 1202 1690 830 65.87 134 37793

CHRW 1.18 206 782 1490 2353 3322 496 54.74 204 41796

CHTR 3.42 114 280 444 609 773 9924 130.67 119 47773

CMCSA 1.02 577 2666 5220 7996 10478 579 52.28 560 102811

COST 1.51 140 414 765 1195 1695 1589 114.39 145 72748

CSCO 1.01 4213 20942 39999 59520 77666 114 22.10 3966 23544

CTRX 1.31 184 598 1143 1844 2609 1285 47.73 185 47430

CTSH 1.54 147 487 928 1448 2013 2845 85.94 149 67212

CTXS 1.22 191 638 1209 1891 2656 846 58.60 196 75946

DISCA 1.48 125 354 641 984 1372 4222 82.00 128 60948

DISH 1.31 186 615 1143 1758 2435 1081 58.49 189 67509

DLTR 1.12 210 871 1709 2765 3986 1012 53.34 209 49191

DTV 1.21 221 848 1660 2637 3680 1029 73.31 220 79433

EBAY 1.04 447 1839 3546 5451 7261 671 55.11 442 107987

EQIX 6.58 99 235 364 494 624 19555 184.45 103 33556

ESRX 1.14 239 1036 2072 3308 4590 1776 75.07 233 83450

EXPD 1.11 207 839 1663 2696 3849 735 40.88 202 31419

EXPE 1.39 139 481 908 1384 1896 1370 72.46 143 76783

FAST 1.15 219 847 1668 2653 3766 445 46.56 222 48878

FB 1.02 534 2947 5730 8706 11874 1772 63.35 538 354090

FFIV 2.12 108 276 449 644 860 4453 105.92 114 74021

Continued on next page

51



Table 8 – continued from previous page

Spr d1 d2 d3 d4 d5 RV Price Size Obs

FISV 1.24 155 525 1016 1607 2291 1417 56.96 156 37231

FOXA 1.05 761 3444 6287 9565 13166 337 32.58 727 48483

GILD 1.25 227 802 1516 2302 3124 2641 77.95 229 210211

GMCR 2.75 129 342 545 756 971 12189 101.45 135 112566

GOOG 15.56 70 171 258 339 421 272675 1165.19 76 89838

GRMN 1.25 150 550 1053 1617 2226 494 50.35 153 40141

HSIC 3.96 104 246 377 510 650 5090 116.15 108 20107

ILMN 6.25 107 253 378 489 596 39603 151.18 112 70731

INTC 1.01 2690 13833 27116 41339 55107 134 25.00 2572 27753

INTU 1.22 173 691 1356 2136 2998 2464 76.10 172 51295

ISRG 16.10 62 134 198 266 344 139052 423.23 67 31494

KLAC 1.21 157 569 1133 1784 2513 459 64.61 160 43205

KRFT 1.08 255 1015 2022 3304 4810 525 54.12 252 47591

LBTYA 1.72 172 576 1111 1766 2521 2807 72.24 175 62611

LINTA 1.07 336 1414 2688 4491 6567 250 28.34 321 24184

LLTC 1.07 268 1145 2438 4242 6273 494 46.10 262 37524

LMCA 4.92 98 252 396 544 701 12151 134.80 103 35310

MAR 1.11 224 946 1905 3093 4464 725 51.86 224 47765

MAT 1.11 375 1450 2811 4652 6783 469 39.59 368 40742

MDLZ 1.02 799 3529 6631 10405 14585 290 34.14 778 41866

MNST 1.47 126 340 590 848 1112 1326 70.19 130 45890

MSFT 1.01 1827 9334 18189 27523 36173 283 37.66 1743 57994

MU 1.02 1600 7268 13822 20570 27078 281 23.66 1568 59084

MXIM 1.04 491 1990 3739 6090 8817 163 30.68 473 28548

MYL 1.30 227 811 1543 2390 3294 1287 49.87 226 87991

NFLX 9.63 88 210 316 425 545 119936 393.07 94 103229

NTAP 1.06 388 1510 3052 5048 7179 354 40.69 371 51831

NVDA 1.02 1405 6603 12657 19710 26855 147 17.28 1326 16497

NXPI 1.25 204 670 1271 1996 2819 851 52.64 204 71072

ORLY 2.92 96 230 358 490 631 12942 142.64 100 36461

PAYX 1.07 304 1448 2930 4994 7380 409 42.36 298 33403

PCAR 1.17 179 665 1303 2074 2948 1331 61.74 180 57370

PCLN 28.56 54 121 177 232 294 494258 1236.71 60 44971

QCOM 1.06 364 1736 3537 5635 7805 666 75.16 353 97140

REGN 11.99 75 170 257 350 462 151762 308.59 81 58799

ROST 1.23 185 658 1262 1980 2786 2358 70.73 188 55095

SBAC 1.88 118 307 515 740 979 1429 92.74 120 39822

SBUX 1.13 252 1079 2179 3511 4980 1136 73.78 252 106543

SIAL 1.73 115 305 524 780 1069 2545 93.40 119 29219

SIRI 1.00 38386 258045 484062 718613 935068 9 3.54 34807 2217

SNDK 1.33 171 606 1165 1825 2560 1320 73.89 171 92205

SPLS 1.01 2014 8700 16263 24972 33583 73 13.13 1930 14036

SRCL 2.35 88 220 341 467 607 6584 115.64 93 23638

STX 1.30 209 734 1421 2258 3191 1152 53.67 210 80190

SYMC 1.04 1292 5097 9608 14813 19910 227 21.26 1208 21619

TRIP 2.89 129 344 571 808 1061 7083 90.88 133 72784

TSCO 1.68 128 363 650 983 1346 1948 70.28 132 49369

TSLA 6.50 117 349 579 822 1085 81564 204.18 124 184148

TXN 1.03 546 2426 4961 8315 11657 438 44.20 526 45970

VIAB 1.25 164 580 1144 1819 2580 1283 84.84 163 70669

VIP 1.05 806 3494 6656 10272 13808 59 10.22 781 10598

VOD 1.01 869 4707 10756 18294 25110 158 38.09 804 35199

VRSK 1.37 143 444 822 1246 1720 470 63.31 146 26677

VRTX 3.24 121 311 501 710 926 8703 79.18 124 58341

Continued on next page
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Table 8 – continued from previous page

Spr d1 d2 d3 d4 d5 RV Price Size Obs

WDC 1.74 135 384 698 1087 1542 2931 86.50 138 79008

WFM 1.13 232 908 1802 2893 4108 688 53.11 232 77594

WYNN 4.88 92 214 318 419 517 22591 218.13 98 68805

XLNX 1.07 270 1197 2544 4283 6112 1483 50.15 263 58584

YHOO 1.02 695 2946 5741 8817 11812 493 37.82 686 96960

Mean 2.65 775 4258 8078 12220 16220 18675 111.13 729 64359

St. Dev. 3.92 3847 25809 48425 71890 93539 62507 179.95 3490 48527

Min. 1.00 54 121 177 232 294 9 3.54 60 2217

10th 1.02 96 230 358 489 607 163 25.00 100 23638

Median 1.23 184 658 1271 1996 2819 1136 63.31 185 51910

90th 5.20 869 4644 9045 14443 19910 34014 184.45 804 106543

Max. 28.56 38386 258045 484062 718613 935068 494258 1236.71 34807 354090

Table 9: Time averages of stock characteristics by stock and cross-sectional summary

statistics thereof. The first 100 rows give averages for all the stocks in the NASDAQ100

over the sample period: January, February and March 2014. The data consist of all trades

with a nonzero price impact. The last 7 rows contain descriptive statistics (Mean, Standard

Deviation, Minimum, 10 th smallest, Median, 10 th largest, Maximum) calculated over all the

stock averages. The column V = d1 gives the percentage of trades with trade size equal to

depth on the first level. The columns V > dj give the percentage of trades with trade size

larger than the cumulative depth on the first j levels. V < 100 gives the percentage of trades

with size less than 100 shares. Zeroes gives the percentage of zero trades that were omitted.

V = d1 V > d1 V > d2 V > d3 V > d4 V > d5 V < 100 Zeroes

AAPL 94.9 5.09 0.818 0.231 0.084 0.036 6.50 38.31

ADBE 96.8 1.94 0.228 0.076 0.034 0.018 2.59 46.08

ADI 97.8 1.04 0.060 0.023 0.014 0.005 3.38 50.68

ADP 97.3 1.26 0.058 0.021 0.011 0.004 4.78 49.05

ADSK 97.7 1.30 0.143 0.055 0.031 0.018 1.90 46.68

AKAM 96.6 2.10 0.172 0.058 0.020 0.004 3.66 46.02

ALTR 95.5 1.28 0.095 0.030 0.011 0.000 1.87 60.02

ALXN 90.3 9.69 2.692 0.922 0.319 0.118 3.04 37.51

AMAT 94.1 1.11 0.082 0.015 0.000 0.000 0.53 73.81

AMGN 96.3 3.53 0.541 0.152 0.052 0.018 5.05 41.56

AMZN 93.4 6.60 1.695 0.631 0.284 0.146 5.54 35.74

ATVI 94.4 0.98 0.095 0.019 0.014 0.000 0.58 69.36

AVGO 96.8 2.26 0.226 0.085 0.054 0.035 3.34 44.76

BBBY 97.8 1.43 0.124 0.037 0.012 0.006 4.29 45.94

BIDU 96.3 3.65 0.705 0.208 0.071 0.025 3.26 33.29

BIIB 94.2 5.74 0.894 0.240 0.097 0.043 5.49 37.66

BRCM 94.5 1.32 0.106 0.024 0.005 0.000 1.36 61.50

CA 96.1 0.55 0.025 0.004 0.000 0.000 1.44 60.72

CELG 93.6 6.33 1.275 0.370 0.110 0.046 3.21 37.49

CERN 96.8 2.03 0.137 0.054 0.017 0.010 2.53 44.91

CHKP 97.2 2.35 0.201 0.037 0.005 0.000 6.19 42.18

CHRW 97.1 1.50 0.148 0.055 0.033 0.017 3.83 50.19

CHTR 96.1 3.83 0.823 0.306 0.138 0.090 3.81 31.52

CMCSA 94.7 1.55 0.136 0.047 0.018 0.007 1.51 65.48

COST 96.5 2.93 0.426 0.161 0.069 0.034 4.96 43.55

CSCO 93.0 1.19 0.051 0.013 0.008 0.008 0.45 80.16

CTRX 97.5 1.72 0.190 0.070 0.023 0.004 3.29 48.47

Continued on next page
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Table 9 – continued from previous page

V = d1 V > d1 V > d2 V > d3 V > d4 V > d5 V < 100 Zeroes

CTSH 96.7 2.70 0.335 0.104 0.048 0.024 2.92 46.08

CTXS 96.8 2.32 0.392 0.175 0.080 0.042 2.67 42.83

DISCA 97.0 2.69 0.341 0.080 0.023 0.010 4.95 41.34

DISH 96.7 2.14 0.372 0.156 0.084 0.047 3.63 45.14

DLTR 97.5 1.08 0.108 0.047 0.012 0.006 2.83 50.80

DTV 96.6 1.87 0.230 0.086 0.053 0.025 3.26 46.90

EBAY 95.4 1.65 0.264 0.119 0.058 0.032 1.48 55.79

EQIX 95.0 4.95 1.076 0.307 0.048 0.012 4.56 32.37

ESRX 96.8 1.37 0.127 0.041 0.018 0.005 2.98 48.61

EXPD 97.4 1.12 0.041 0.003 0.003 0.003 3.38 49.94

EXPE 95.8 3.35 0.415 0.091 0.040 0.022 4.36 44.83

FAST 96.9 1.82 0.233 0.088 0.035 0.012 2.96 49.36

FB 94.2 2.33 0.293 0.102 0.035 0.016 1.27 53.64

FFIV 94.7 5.15 1.285 0.440 0.158 0.063 4.38 32.85

FISV 97.8 1.43 0.105 0.024 0.013 0.011 2.58 46.91

FOXA 94.2 1.45 0.124 0.035 0.017 0.006 0.98 70.07

GILD 96.4 2.08 0.241 0.086 0.037 0.016 1.93 46.03

GMCR 95.0 4.90 0.932 0.302 0.106 0.046 4.31 33.42

GOOG 90.9 9.08 2.254 0.799 0.292 0.109 7.24 41.06

GRMN 96.5 2.61 0.217 0.060 0.015 0.005 2.92 46.59

HSIC 96.0 4.01 0.716 0.204 0.080 0.030 3.07 39.01

ILMN 93.8 6.19 1.555 0.622 0.267 0.124 2.93 33.76

INTC 93.3 1.44 0.076 0.025 0.011 0.007 0.59 79.32

INTU 97.3 1.44 0.146 0.062 0.033 0.023 4.24 47.84

ISRG 89.2 10.77 3.474 1.369 0.562 0.235 6.83 32.09

KLAC 96.8 1.95 0.144 0.060 0.023 0.009 5.04 45.48

KRFT 96.9 1.26 0.202 0.105 0.055 0.023 2.75 51.28

LBTYA 97.5 2.01 0.204 0.073 0.037 0.022 2.55 46.67

LINTA 95.4 0.86 0.079 0.054 0.021 0.008 1.54 54.52

LLTC 96.6 0.79 0.048 0.013 0.005 0.000 2.17 56.66

LMCA 94.7 5.30 1.082 0.346 0.082 0.028 3.63 35.87

MAR 97.2 1.38 0.222 0.086 0.031 0.025 2.51 50.06

MAT 96.2 1.16 0.211 0.093 0.017 0.007 1.23 59.85

MDLZ 93.7 1.29 0.162 0.069 0.019 0.010 0.67 64.04

MNST 95.8 3.72 0.569 0.146 0.054 0.022 3.33 40.84

MSFT 93.3 1.70 0.136 0.040 0.022 0.009 0.73 75.32

MU 93.3 1.64 0.144 0.039 0.017 0.007 0.68 69.19

MXIM 95.8 0.79 0.116 0.021 0.007 0.007 0.61 62.48

MYL 97.0 1.50 0.114 0.043 0.009 0.005 2.76 46.67

NFLX 91.2 8.77 2.524 0.897 0.357 0.128 5.30 31.03

NTAP 96.0 0.99 0.062 0.014 0.006 0.004 1.62 59.40

NVDA 94.2 0.94 0.036 0.012 0.012 0.000 0.68 78.09

NXPI 97.1 1.58 0.156 0.062 0.020 0.011 2.88 44.04

ORLY 94.5 5.45 1.114 0.293 0.080 0.036 5.39 38.08

PAYX 96.8 0.82 0.057 0.015 0.006 0.003 2.52 58.35

PCAR 97.2 1.56 0.176 0.078 0.038 0.019 2.99 47.23

PCLN 88.1 11.87 3.889 1.592 0.678 0.274 9.47 34.10

QCOM 96.3 1.39 0.119 0.043 0.024 0.014 2.69 58.64

REGN 89.7 10.24 3.175 1.206 0.481 0.184 5.19 33.89

ROST 96.9 1.86 0.280 0.143 0.073 0.031 3.11 48.63

SBAC 97.2 2.47 0.259 0.085 0.020 0.008 3.84 39.90

SBUX 97.2 1.55 0.190 0.085 0.036 0.016 3.38 51.53

SIAL 95.6 4.21 0.592 0.133 0.041 0.024 4.15 41.67

SIRI 83.8 3.70 0.000 0.000 0.000 0.000 0.00 90.42
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Table 9 – continued from previous page

V = d1 V > d1 V > d2 V > d3 V > d4 V > d5 V < 100 Zeroes

SNDK 96.4 2.55 0.265 0.076 0.035 0.017 3.86 43.97

SPLS 92.4 0.98 0.078 0.021 0.007 0.007 0.42 78.67

SRCL 93.3 6.60 1.667 0.537 0.173 0.059 4.72 38.38

STX 97.5 1.33 0.136 0.047 0.017 0.011 2.47 43.89

SYMC 93.1 1.17 0.088 0.028 0.009 0.005 0.61 71.79

TRIP 97.2 2.71 0.300 0.093 0.034 0.016 4.07 35.66

TSCO 97.1 2.70 0.356 0.101 0.045 0.026 3.14 37.34

TSLA 93.8 6.13 1.080 0.268 0.069 0.029 5.58 35.38

TXN 94.0 0.93 0.067 0.017 0.009 0.002 1.51 62.25

VIAB 97.4 1.30 0.139 0.041 0.017 0.006 3.56 42.97

VIP 93.8 0.92 0.028 0.009 0.009 0.009 0.42 69.74

VOD 94.2 1.05 0.114 0.051 0.023 0.017 0.86 69.52

VRSK 97.0 2.22 0.221 0.075 0.022 0.007 4.06 43.78

VRTX 97.0 2.79 0.293 0.065 0.024 0.019 3.24 35.18

WDC 96.4 3.15 0.424 0.097 0.034 0.011 5.59 39.44

WFM 97.0 1.48 0.205 0.072 0.030 0.009 2.49 47.51

WYNN 92.2 7.76 2.229 0.881 0.359 0.180 4.29 32.20

XLNX 97.0 0.91 0.075 0.017 0.002 0.002 2.48 52.53

YHOO 93.7 1.63 0.244 0.108 0.051 0.022 0.77 59.90

Mean 95.3 2.85 0.516 0.178 0.069 0.030 3.09 49.33

St. Dev. 2.3 2.44 0.768 0.290 0.117 0.048 1.75 13.07

Min. 83.8 0.55 0.000 0.000 0.000 0.000 0.00 31.03

10th 93.0 0.98 0.060 0.015 0.006 0.002 0.67 33.89

Median 96.2 1.86 0.205 0.075 0.031 0.014 2.99 46.59

90th 97.3 6.19 1.285 0.440 0.158 0.063 5.30 69.52

Max. 97.8 11.87 3.889 1.592 0.678 0.274 9.47 90.42
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