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Abstract: Prior theory suggests a positive relation between volatility and market depth, while past
empirical research finds contrasting results. This paper examines the relation between the volatility
and the limit order book depth in commodity and foreign exchange futures markets during a
turbulent time using the generalized method of moments (GMM). Results indicate a negative relation
between volatility and depth and suggest that the depth in the limit order book decreases as volatility
increases. Findings help to understand how market participants provide liquidity in response to
shifts in prices.

Keywords: market depth; volatility; futures market

1. Introduction

In markets with limit order books, limit orders provide liquidity and market orders
expend it. As a result, limit orders perform an essential role in the provision of liquidity.
One crucial aspect of liquidity provision is the role of volatility. This study examines
the interaction between volatility and order-flow composition motivated by the theories
presented in Handa and Schwartz (1996) and Foucault (1999). Handa and Schwartz (1996)
develop a model in which investors decide to place market or limit orders. This decision is
influenced by investors’ beliefs about the likelihood of order execution against a liquidity
trader versus an informed trader. According to Handa and Schwartz (1996), investors place
more limit orders than market orders when price volatility is elevated. Trading against
liquidity traders yields a higher expected gain than the expected loss trading against
informed traders.

Furthermore, Foucault (1999) demonstrates that as volatility rises, the submission
of market orders becomes more expensive, and thus more limit orders are placed. The
implication is that as volatility increases, so does the number of limit orders placed. When
volatility rises, the models of Handa and Schwartz (1996) and Foucault (1999) predict an
increase in the number of limit orders placed. As a result, if more limit orders are submitted,
the available depth should also rise.

This paper examines the relation between volatility and the limit order book depth
in a U.S. electronic, order-driven futures market. This study contributes to the literature
in several ways. First, we employ actively traded futures contracts on commodities and
foreign exchange. Prior research that examines the volatility-depth relation focuses on
equity markets (Ahn et al. 2001; Vo 2007) and market index futures (Chen and Wu 2009;
Chiang et al. 2009). Aidov and Daigler (2015) show that depth characteristics in the limit
order book in futures markets contrast with those in equity markets. In addition, Bryant
and Haigh (2004) suggest that commodity futures markets possess intrinsically different liq-
uidity attributes than financial futures markets and warrant separate examination. Second,
we use a high-frequency sampling method to construct our depth variables. In contrast to
prior studies, which sample depth at the end of a time interval, we sample depth within
time intervals using the first depth update in each second. Depth fluctuates throughout
the day and certainly within intervals, and our sampling procedure allows for the capture
of average depth variations within intervals. Third, the prior literature that examines
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volatility and depth finds opposite results (e.g., Ahn et al. 2001; Chen and Wu 2009). We
provide further evidence on this topic. Finally, we examine a market setting during a
turbulent period centering on the financial crisis of 2008. Prior research finds that market
participants withdraw depth from the limit order book during extreme market movements
(Goldstein and Kavajecz 2004). In contrast, Locke and Sarkar (2001) imply that electronic
markets with limit order books may not suffer liquidity crashes during periods of high
volatility. The period we examine allows us to explore the relation between volatility and
limit order book depth during crisis events.

Our results support an inverse relation between volatility and subsequent market
depth for several depth proxies and across a set of volatility measures. Results are robust
to adjustment for control factors. Finally, we find a similar negative relation after adjusting
for structural breaks in positive and negative trending subperiods. The paper is organized
as follows. Section 2 describes the related literature. Section 3 presents the data and
methodology. Results are discussed in Section 4. Section 5 offers concluding remarks.

2. Literature Review

This paper relates to the literature that studies the provision of liquidity in limit order
books. Biais et al. (1995) show that the conditional probability that traders place limit
orders is larger when there is a lack of liquidity. Fishe et al. (2021) support the notion that
limit order traders delay providing liquidity during active markets. Furthermore, both
Kavajecz (1999) and Smales (2019) find that liquidity is removed from the market around
information events.

Literature that examines the interaction of liquidity and volatility in limit order books
is also related to our study. Locke and Sarkar (2001) find that liquidity does not increase
with volatility in futures markets. Næs and Skjeltorp (2006) show that volatility is nega-
tively related to the limit order book slope for equities on the Oslo Stock Exchange (OSE).
Tian et al. (2019) find that the limit order book slope for oil futures decreases when volatility
is expected to increase.

This article is related to research that investigates the relationship between volatility
and market depth. Open interest is used as a proxy for market depth in the early work on
the volatility-depth relation. Bessembinder and Seguin (1993) use eight futures contracts to
show that volatility and open interest are inversely related. In addition, Fung and Patterson
(2001) establish an inverse relation between volatility and open interest for a set of foreign
exchange and interest rate futures contracts.

One of the first research papers to analyze the relation between volatility and depth
using actual depth data is Ahn et al. (2001). They examine the intraday volatility-depth
relation for companies listed on the Stock Exchange of Hong Kong (SEHK), using the
number of limit orders in the five-deep limit order book. After adjusting for transaction fre-
quency, intraday market depth variation, and market depth autocorrelation, they conclude
that an increase in volatility results in an increase in market depth. Vo (2007) documents
contradictory findings indicating that price volatility is negatively associated with market
depth for Toronto Stock Exchange (TSE) traded equities.

Chiang et al. (2009) investigate the relation between volatility and depth for Taiwan
Futures Exchange (TAIFEX) contracts. Their results demonstrate a positive but not statisti-
cally significant relationship between volatility and depth from 2002 to 2003. They further
segment the futures data into bull and bear markets and observe a positive and statistically
significant volatility-depth relation during bull markets but a negative relation during bear
markets. Conversely, Chen and Wu (2009) show that an increase in volatility is followed by
a drop in depth (quantity of limit orders across five levels) for TAIFEX futures contracts.

Overall, the past research concerning the effect of volatility on market depth for stocks
and index futures finds mixed results. The relation between volatility and depth using data
for foreign exchange and commodity futures markets is an unexplored topic.
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3. Data and Methodology
3.1. Data

We employ three electronically traded futures contracts in this study to examine the
effect of volatility on depth. Specifically, the futures contracts we consider include EUR/
USD, gold, and corn futures. For ease of exposition, the EUR/USD foreign exchange
futures contract hereafter is referred to as the “EUR” futures contract. The EUR futures
contract has a ticker symbol of 6E, a contract size of EUR 125,000, and is quoted in USD
and cents. The gold futures contract has a ticker symbol of GC, a contract size of 100 troy
ounces, and is quoted in USD and cents per troy ounce. The corn futures contract has a
ticker symbol of ZC, a contract size of 5000 bushels, and is quoted in USD and cents per
bushel. The EUR futures, gold futures, and corn futures trade on the Chicago Mercantile
Exchange (CME), Commodity exchange (COMEX), and Chicago Board of Trade (CBOT),
respectively.

The data in this paper is provided by the CME Group and is obtained from the CME
Globex electronic trading system. The data is encoded in RLC format and contains all the
message traffic required to reconstruct the five-deep limit order book. The data covers
2 January 2008 to 2 October 2009, for EUR futures, 1 January 2008 to 18 April 2009, for
gold futures, and 11 January 2008 to 21 March 2009, for corn futures. The date range for
each contract is limited by the data provided to us by the CME Group. The last date of
data availability for each futures contract in this study is based on a change of data format.
After the change in format from RLC to FIX/Fast format, limit order book messages are no
longer recorded in the RLC format available in the database used in this study, hence the
reason for the different ending dates.

Holidays and days with missing data are deleted from the sample. The daily trading
hours are derived from the traditional open-outcry period, which runs from 07:20 a.m. to
2:00 p.m. Central Time for EUR futures, 07:20 a.m. to 12:30 p.m. Central Time for gold
futures, and 09:30 a.m. to 01:15 p.m. Central Time for corn futures. We partition the trading
hours for each futures contract into fifteen-minute intervals, as in Ahn et al. (2001). The
futures contracts are rolled over when trading volume in a deferred expiration exceeds the
trading volume in the near-term expiration.

3.2. Methodology
3.2.1. Variables

The variables that are used in the analysis are detailed in this section. Two depth
metrics are utilized, similar to Chiang et al. (2009). The first depth measure is known
as “depth quantity,” and it is defined as the sum of the depths in the limit order book’s
five levels. The second depth metric is termed “depth frequency” and is calculated as the
sum of the number of limit orders over the five depth levels. Arzandeh and Frank (2019)
suggest that traders in electronic futures markets actively employ limit orders at price
levels beyond the best (first level). As a result, for both depth measures, the full five-deep
limit order book is used. Depth is sampled at the beginning of each second and averaged
over fifteen-minute time intervals. In addition, the Phillips–Perron and the Ng and Perron
unit root tests are used to check for unit roots in the depth measures. For all contracts, we
find evidence to reject the null hypothesis of a unit root.

Three volatility measures are specified to assure that results are not dependent on any
one measure of volatility. The first measure of volatility is the Garman–Klass volatility
(GK volatility) measure proposed by Garman and Klass (1980). The GK volatility measure is
calculated as follows:

GK volatility =
1
2
[ln(High)− ln(Low)]2 − [2ln(2)− 1][ln(Open)− ln(Close)]2 (1)

where High denotes the highest trading price, Low denotes the lowest trade price, Open
denotes the first trade price, and Close denotes the last transaction price within a fifteen-
minute interval. The GK volatility estimator is approximately eight times more efficient than
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the classic close-to-close volatility estimator (Daigler and Wiley 1999). Będowska-Sójka and
Kliber (2021) and Molnár (2012) find the Garman–Klass measure to be the best volatility
estimator compared to other estimators. The GK volatility measures the volatility within
a time interval and does not necessarily increase with more trades in an interval. This
estimator is often employed in financial markets to study volatility (Tan et al. 2020; Batten
and Lucey 2010).

The Returns volatility is the second measure of volatility that is employed. The Returns
Volatility is used in previous studies, including Gwilym et al. (1999), and is computed as
follows:

Returns volatility =

∣∣∣∣ln( Pricet

Pricet−1

)∣∣∣∣ (2)

where Pricet is the final trade price in a fifteen-minute time interval t and Pricet−1 is the
previous interval’s last price. For the opening interval of the day, Pricet is the interval’s last
trade price, and Pricet−1 is the interval’s first trade price. Unlike the GK volatility measure,
which calculates volatility within time intervals, the Returns volatility measure calculates
volatility between time intervals. Furthermore, the Returns volatility considers a single (last)
price within a time interval. Returns volatility is also commonly referred to as absolute
returns.

The third volatility proxy is realized volatility, which is described in Ahn et al. (2001).
The Realized volatility is calculated as follows:

Realized volatility =
N

∑
i=1

R2
i,t (3)

where Ri,t denotes the return for the ith trade in a fifteen-minute time interval t, and N is
the total number of transactions during the interval. The returns are determined as the
log difference between the prices of sequential trades within a time interval. The sum
of the squared returns within a fifteen-minute time period is not divided by the number
of transactions because the aggregate price variations are of interest. The three volatility
measures are calculated in distinct ways and consequently may offer varying results.
Volatility measures are calculated based on partitioned fifteen-minute time intervals. To
deal with outliers, we winsorize the three volatility measures at the 1% and 99% levels.

Similar to Ahn et al. (2001), we implicitly assume that our volatility measures are
transitory. It is important to distinguish permanent volatility from transitory volatility. For
example, Hendershott and Menkveld (2014) decompose price changes into a permanent
component and a transitory component using a state space approach. Permanent or
fundamental volatility is caused by information and occurs when there is uncertainty
about fundamental security values. Transitory volatility is the propensity of prices to move
around their fundamental values and is caused by liquidity trading and noise.

3.2.2. Hypotheses

The research hypotheses based on theoretical considerations are provided in this
section. The research hypotheses investigated in this study are motivated by the models
of Handa and Schwartz (1996) and Foucault (1999). When price volatility is high, Handa
and Schwartz (1996) show that investors submit more limit orders than market orders.
Foucault (1999) demonstrates that as volatility increases, the cost of submitting market
orders increases, and hence more limit orders are submitted. These models serve as the
basis for the following hypotheses about volatility and depth:

Hypothesis 1. A positive relation exists between volatility and depth quantity.

Hypothesis 2. A positive relation exists between volatility and depth frequency.
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To examine these two hypotheses, the following regressions are estimated using the
generalized method of moments (GMM) introduced in Hansen (1982):

Depth quantityt = α0 + β1Volatilityt−1 + εt (4)

Depth frequencyt = α0 + β1Volatilityt−1 + εt (5)

The GMM methodology is an estimation technique used in many studies that examine
the intraday characteristics of liquidity (Box et al. 2021; Ben Ammar and Hellara 2021; Oz-
turk et al. 2017). Using the Newey and West (1987) approach, the calculated t-statistics are
adjusted for heteroskedasticity and autocorrelation. A positive (negative) and statistically
significant coefficient on volatility indicates a positive (negative) relation between volatility
and depth.

According to Ahn et al. (2001), various control variables should be included in the
analysis of volatility and depth. These variables include the frequency of trades, intraday
time dummy variables, and lagged depth. It is necessary to add the frequency of trades
as a control variable since the realized volatility measure is positively correlated with
the number of trades made in a given time interval. Additionally, time dummies and
lagged depths are incorporated to account for intraday fluctuation and market depth
autocorrelation. The following are the expanded models with control variables:

Depth quantityt = α0 + β1Volatilityt−1 + β2Volumet + β3Deptht−1 +
2

∑
i=1

φiDi +
T

∑
i=T−1

φiDi + εt (6)

Depth frequencyt = α0 + β1Volatilityt−1 + β2Frequencyt + β3Deptht−1 +
2

∑
i=1

φiDi +
T

∑
i=T−1

φiDi + εt (7)

where Volatilityt−1 represents lagged volatility, Frequencyt corresponds to the number of
trades within an interval, Volumet denotes the sum of traded volume within an interval,
Deptht−1 denotes lagged depth, and the Di variables denote dummy variables that take the
value one during the first and last half hours of trading and zero otherwise.

4. Results and Discussion
4.1. Summary Statistics

The summary statistics for the three futures contracts are provided in Table 1. Panels
A, B, and C summarize the Depth quantity, Depth frequency, GK volatility, Returns volatility,
and Realized volatility for the EUR, gold, and corn contracts, respectively.

The EUR futures possess the largest average depth (639.35) and the largest number
of orders (187.63) per fifteen-minute interval. Gold futures have the smallest mean Depth
quantity (105.35) and Depth frequency (50.10). According to the GK Volatility (27.66) and
Returns volatility (3.51), the most volatile contract is corn. The EUR futures contract has the
largest Realized volatility (142.77). The median values of the three volatility measures are
all larger for the corn futures relative to the EUR and gold futures. Based on the moments
presented in Table 1, the depth and volatility measures have different distributions across
the contracts.

Figure 1 displays the intraday behavior of the depth and volatility measures presented
in Table 1. Both depth measures for the EUR futures contract in Panel A increase at the
open of the trading day and then decrease across the day. The Depth quantity for gold in
Panel A and corn in Panel E increases at the open, declines over the day, and increases
again at the close of trading. The Depth frequency for gold and corn futures increases near
the open, declines over the middle of the day, and decreases at the end of the trading day.
For the EUR futures in Panel B and the gold futures in panel D, all three volatility measures
decline over the trading day. In contrast, the GK volatility, Realized volatility, and Returns
volatility exhibit a U-shaped intraday pattern for the corn futures contract.
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Table 1. Summary statistics of depth and volatility. This table presents the summary statistics of the
depth and volatility measures for the fifteen-minute time intervals averaged over the sample period.
Depth quantity is calculated as the sum of the depth available across all five levels in the limit order
book. Depth frequency is calculated as the sum of the number of orders available across all five levels
in the limit order book. GK volatility is the Garman and Klass (1980) volatility measure composed of
the high, low, open, and close values in an interval. Returns volatility is calculated as the absolute
value of returns across intervals. Realized volatility is the sum of squared returns in each interval.

Panel A: EUR Mean Median Standard Deviation Skewness Kurtosis

Depth quantity 639.35 602.78 295.65 0.20 −1.18
Depth frequency 187.63 181.34 79.32 0.66 0.38
GK volatility 11.29 1.15 27.94 3.85 16.37
Returns volatility 0.79 0.55 0.08 2.04 5.16
Realized volatility 142.77 2.77 493.39 5.22 29.65
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Table 1. Cont.

Panel B: Gold Mean Median Standard Deviation Skewness Kurtosis

Depth quantity 105.35 106.35 38.84 0.16 −0.98
Depth frequency 50.10 49.95 15.67 0.10 −0.93
GK volatility 11.60 5.64 19.74 4.43 22.57
Returns volatility 2.11 1.56 2.01 1.96 4.82
Realized volatility 19.97 11.36 22.66 2.20 4.18

Panel C: Corn Mean Median Standard Deviation Skewness Kurtosis

Depth quantity 558.35 521.57 232.28 0.89 0.94
Depth frequency 94.38 87.52 34.87 0.75 0.26
GK volatility 27.66 14.41 38.40 3.07 10.90
Returns volatility 3.51 2.51 3.46 1.78 3.55
Realized volatility 103.43 55.67 155.2 4.14 20.28

4.2. Volatility and Depth

The next set of tables presents the results for the relation between volatility and depth
using the base regressions. Table 2 presents results for the Depth quantity.

Table 2. Volatility and depth quantity. This table presents the coefficient estimates for the following
model: Depth quantityt = α0 + β1Volatilityt−1 + εt Depth quantity is computed as the summation
of the depths available across a limit order book’s five levels. Volatility is one of three measures of
volatility. GK volatility is the Garman and Klass (1980) measure of volatility that consists of the high,
low, open, and close price values within an interval. Returns volatility is defined as the absolute value
of returns across time intervals. Realized volatility is the summation of each interval’s squared returns.
The generalized method of moments (GMM) procedure is used to estimate each regression, along
with the Newey and West (1987) correction. The notation * indicates significance at the 1% level.

Panel A: EUR

Intercept 654.490 (92.50 *) 694.424 (87.71 *) 642.387 (69.68 *)
GK volatility −1.248 (−12.73 *)
Returns volatility −67.363 (−13.00 *)
Realized volatility −0.017 (−4.56 *)

Panel B: Gold

Intercept 107.892 (91.04 *) 110.558 (90.04 *) 105.596 (93.99 *)
GK volatility −0.205 (−4.70 *)
Returns volatility −2.414 (−9.34 *)
Realized volatility −0.006 (−1.17)

Panel C: Corn

Intercept 578.489 (71.74 *) 582.685 (66.87 *) 560.905 (74.16 *)
GK volatility −0.686 (−7.87 *)
Returns volatility −6.775 (−6.58 *)
Realized volatility −0.023 (−1.60)

In Panel A, a negative and statistically significant coefficient occurs on each of the three
volatility measures for the EUR futures contracts. This implies a negative or inverse relation
between volatility and Depth quantity. The coefficient on GK volatility and Returns volatility
is also negative and significant for the gold futures in Panel B, which also reconfirms the
inverse relation. A similar result is found for the corn futures in Panel C. Table 3 presents
results for the relation between volatility and Depth frequency.
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Table 3. Volatility and depth frequency. This table presents the coefficient estimates for the following
model: Depth f requencyt = α0 + β1Volatilityt−1 + εt. Depth frequency is computed as the summation
of the number of orders available across a limit order book’s five levels. Volatility is one of three
measures of volatility. GK volatility is the Garman and Klass (1980) measure of volatility that consists
of the high, low, open, and close price values within an interval. Returns volatility is defined as the
absolute value of returns across time intervals. Realized volatility is the summation of each interval’s
squared returns. The generalized method of moments (GMM) procedure is used to estimate each
regression, along with the Newey and West (1987) correction. The notation * indicates significance at
the 1% level.

Panel A: EUR

Intercept 191.701 (102.74 *) 198.788 (100.87 *) 188.454 (103.98 *)
GK volatility −0.335 (−14.52 *)
Returns volatility −13.637 (−12.97 *)
Realized volatility −0.005 (−5.49 *)

Panel B: Gold

Intercept 51.527 (104.76 *) 52.917 (106.43 *) 50.376 (108.49 *)
GK volatility −0.115 (−6.05 *)
Returns volatility −1.307 (−12.94 *)
Realized volatility −0.006 (−3.24 *)

Panel C: Corn

Intercept 95.553 (72.79 *) 96.109 (66.61 *) 93.356 (74.79 *)
GK volatility −0.040 (−3.53 *)
Returns volatility −0.478 (−2.90 *)
Realized volatility 0.009 (4.37 *)

In Panel A, the relation between the GK volatility, Returns volatility, and Realized
volatility, and Depth frequency is negative and statistically significant at the one percent
level for the EUR futures contract. In Panel B, the relation between the three volatility
measures and depth frequency is negative, as indicated by the negative and statistically
significant coefficients on the volatility measures. Corn futures in Panel C also show an
inverse relation between GK volatility and Returns volatility, and Depth frequency. The overall
results from Tables 2 and 3 suggest an inverse or negative relation between volatility and
depth for the three volatility measures. The main implication is that a decrease in volatility
in one period leads to an increase in depth in the following period.

4.3. Volatility and Depth with Control Factors

The next set of results is for the expanded models that explore the relation between
volatility and depth, with the addition of control variables. Table 4 presents results for the
Depth quantity.

The main variable of interest is the coefficient (β1) on the volatility measures, which
gauges the effect of volatility on market depth. For the EUR contract in Panel A, we find
a negative relation between both GK and Returns volatility, and Depth quantity. In Panel
B, the coefficient on GK volatility, Returns volatility, and Realized volatility is negative and
statistically significant for the gold futures contract. Corn futures in Panel C also exhibit an
inverse relation between GK and Returns volatility and Depth quantity. In Table 5, results for
Depth frequency are presented.
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Table 4. Volatility and depth quantity with controls. This table shows the coefficient estimates for the

following model: Depth quantityt = α0 + β1Volatilityt−1 + β2Volumet + β3Deptht−1 +
2
∑

i=1
φiDi +

T
∑

i=T−1
φiDi + εt. Depth quantity is computed as the summation of the depths available across a limit

order book’s five levels. Volatility is one of three measures of volatility. GK volatility is the Garman
and Klass (1980) measure of volatility that consists of the high, low, open, and close price values
within an interval. Returns volatility is defined as the absolute value of returns across time intervals.
Realized volatility is the summation of each interval’s squared returns. Volume is calculated as the sum
of each time interval’s trade volume. D is a dummy variable that has a value of one for the first two
and last two time intervals of each day and a value of zero for the remaining time intervals. The T
subscript denotes the last interval in a day. The generalized method of moments (GMM) procedure is
used to estimate each regression, along with the Newey and West (1987) correction. The notations *,
**, and *** indicate significance at the 1%, 5%, and 10% levels, respectively.

Panel A: EUR

Intercept 14.560 (9.06 *) 16.851 (9.82 *) 13.215 (8.47 *)
GK volatility −0.068 (−4.42 *)
Returns volatility −3.609 (−5.15 *)
Realized volatility 0.000 (−0.46)
Volume 0.968 (478.01 *) 0.966 (464.04 *) 0.970 (490.82 *)
Depth 0.000 (1.85 ***) 0.000 (2.84 *) 0.000 (1.64)
D1 33.626 (3.89 *) 32.122 (3.73 *) 33.950 (3.92 *)
D2 84.826 (17.38 *) 85.660 (17.58 *) 85.080 (17.41 *)
DT−1 5.507 (1.91 ***) 5.873 (2.03 **) 5.622 (1.95 ***)
DT −3.459 (−1.24) −2.987 (−1.07) −3.387 (−1.21)

Panel B: Gold

Intercept 11.404 (17.88 *) 12.247 (19.25 *) 10.518 (17.23 *)
GK volatility −0.057 (−5.32 *)
Returns volatility −0.813 (−8.46 *)
Realized volatility −0.003 (−2.17 **)
Volume 0.864 (155.90 *) 0.861 (158.76 *) 0.871 (163.07 *)
Depth 0.001 (10.01 *) 0.001 (10.48 *) 0.000 (8.97 *)
D1 −15.398 (−9.58 *) −15.669 (−9.78 *) −14.961 (−9.33 *)
D2 2.741 (2.67 *) 3.271 (3.15 *) 3.059 (2.88 *)
DT−1 1.867 (1.68 ***) 1.907 (1.72 ***) 1.873 (1.67 ***)
DT 11.340 (8.41 *) 11.302 (8.38 *) 11.422 (8.44 *)

Panel C: Corn

Intercept 166.565 (19.59 *) 167.816 (19.90 *) 163.062 (19.56 *)
GK volatility −0.127 (−3.10 *)
Returns volatility −1.867 (−2.67 *)
Realized volatility −0.008 (−0.79)
Volume 0.720 (52.20 *) 0.721 (53.16 *) 0.724 (53.39 *)
Depth −0.003 (−2.95 *) −0.002 (−2.53 **) −0.003 (−3.36 *)
D1 −6.455 (−0.42) −8.978 (−0.58) −5.120 (−0.33)
D2 59.810 (5.67 *) 56.363 (5.56 *) 55.846 (4.97 *)
DT−1 5.934 (0.66) 5.959 (0.67) 5.853 (0.65)
DT 40.365 (3.45 *) 39.761 (3.36 *) 41.436 (3.53 *)

The coefficient on GK volatility and Returns volatility across Panel A for the EUR and
Panel B for the gold futures contract is negative and statistically significant. In Panel C,
the corn futures contract exhibits an inverse relation between Returns volatility and Depth
frequency as indicated by the negative coefficient β1. The significant coefficients on the
intraday dummy variables across the three panels suggest the importance of adjusting for
the time-of-day effect in market depth. Overall, after accounting for control factors, the
results show evidence consistent with a negative relation between volatility and depth.
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Table 5. Volatility and depth frequency with controls. This table presents the coefficient estimates
for the following model: Depth f requencyt = α0 + β1Volatilityt−1 + β2Frequencyt + β3Deptht−1 +

2
∑

i=1
φiDi +

T
∑

i=T−1
φiDi + εt. Depth frequency is computed as the summation of the number of orders

available across a limit order book’s five levels. Volatility is one of three measures of volatility.
GK volatility is the Garman and Klass (1980) measure of volatility that consists of the high, low,
open, and close price values within an interval. Returns volatility is defined as the absolute value of
returns across time intervals. Realized volatility is the summation of each interval’s squared returns.
Frequency is calculated as the number of trades in each time interval. D is a dummy variable that
has a value of one for the first two and last two time intervals of each day and a value of zero for
the remaining time intervals. The T subscript denotes the last interval in a day. The generalized
method of moments (GMM) procedure is used to estimate each regression, along with the Newey
and West (1987) correction. The notations *, **, and *** indicate significance at the 1%, 5%, and 10%
levels, respectively.

Panel A: EUR

Intercept 5.567 (9.36 *) 6.562 (10.49 *) 5.106 (8.81 *)
GK volatility −0.021 (−4.50 *)
Returns volatility −1.323 (−5.88 *)
Realized volatility 0.000 (−0.93)
Frequency 0.000 (3.23 *) 0.000 (4.17 *) 0.000 (3.04 *)
Depth 0.951 (275.06 *) 0.948 (267.65 *) 0.953 (279.61 *)
D1 37.209 (12.81 *) 36.610 (12.65 *) 37.340 (12.84 *)
D2 29.371 (17.88 *) 29.750 (18.11 *) 29.439 (17.89 *)
DT−1 3.841 (5.36 *) 3.908 (5.46 *) 3.903 (5.45 *)
DT −1.518 (−2.36 **) −1.396 (−2.15 **) −1.473 (−2.29 **)

Panel B: Gold

Intercept 3.389 (14.65 *) 3.415 (14.82 *) 3.293 (14.45 *)
GK volatility −0.006 (−2.63 *)
Returns volatility −0.070 (−2.27 **)
Realized volatility −0.001 (−1.56)
Frequency 0.000 (−1.47) 0.000 (−1.06) 0.000 (−1.88 ***)
Depth 0.941 (264.26 *) 0.941 (264.25 *) 0.942 (273.20 *)
D1 −6.853 (−11.85 *) −6.866 (−11.88 *) −6.804 (−11.77 *)
D2 4.906 (13.58 *) 4.950 (13.80 *) 5.003 (13.52 *)
DT−1 −0.700 (−2.58 *) −0.692 (−2.56 **) −0.701 (−2.59 *)
DT −0.794 (−2.97 *) −0.789 (−2.95 *) −0.790 (−2.95 *)

Panel C: Corn

Intercept 9.964 (14.55 *) 10.897 (15.68 *) 10.034 (14.87 *)
GK volatility 0.004 (0.65)
Returns volatility −0.375 (−5.00 *)
Realized volatility 0.003 (2.86 *)
Frequency −0.002 (−6.70 *) −0.001 (−5.13 *) −0.002 (−7.00 *)
Depth 0.906 (135.33 *) 0.905 (137.30 *) 0.905 (134.90 *)
D1 12.154 (7.68 *) 11.577 (7.32 *) 12.126 (7.69 *)
D2 16.696 (14.44 *) 18.046 (16.53 *) 15.342 (12.94 *)
DT−1 −1.342 (−1.68 ***) −1.326 (−1.67 ***) −1.320 (−1.66 ***)
DT −4.251 (−4.40 *) −4.600 (−4.78 *) −4.201 (−4.36 *)

4.4. Structural Breaks

We note that our data encompasses a very volatile time period in financial markets.
Figure 2 shows the daily mean Depth quantity and Depth frequency measures. The daily
patterns of Depth quantity and Depth frequency appear to move in tandem. However,
significant changes in the depth measures are evident at different points in the time period.
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Figure 2. Daily depth. This figure presents the daily depth for each futures contract. (a) depicts EUR
futures, (b) depicts Gold futures, and (c) depicts Corn futures. Intraday depth measures are averaged
over the day using fifteen-minute time interval data. Depth quantity is calculated as the sum of the
depth available across all five levels in the limit order book. Depth frequency is calculated as the sum
of the number of orders available across all five levels in the limit order book.

To identify subperiods with different trends, we employ the methodology of Bai and
Perron (2003) to test for multiple structural breaks. For both depth measures, we establish
five structural breaks at the daily time scale. Using the structural breaks as endpoints for
each subperiod, we identify subperiods for the depth variables with a positive or a negative
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trend. A dummy variable (Break) is introduced that takes a value of one for subperiods
with a positive trend in depth and a value of zero for subperiods with a negative trend in
depth. This methodology is motivated by Chiang et al. (2009), who find an asymmetric
relation for volatility and depth in bull and bear market subperiods. Depth regressions are
estimated with the addition of the Break dummy variable. Results are presented in Table 6
for Depth quantity and Table 7 for Depth frequency.

Table 6. Depth quantity and structural breaks. This table presents the coefficient estimates for the

following model: Depth quantityt = α0 + β1Volatilityt−1 + β2Volumet + β3Deptht−1 +
2
∑

i=1
φiDi +

T
∑

i=T−1
φiDi + β4Breakt + εt. Depth quantity is computed as the summation of the depths available

across a limit order book’s five levels. Volatility is one of three measures of volatility. GK volatility is
the Garman and Klass (1980) measure of volatility that consists of the high, low, open, and close price
values within an interval. Returns volatility is defined as the absolute value of returns across time
intervals. Realized volatility is the summation of each interval’s squared returns. Volume is calculated
as the sum of each time interval’s trade volume. D is a dummy variable that has a value of one
for the first two and last two time intervals of each day and a value of zero for the remaining time
intervals. The T subscript denotes the last interval in a day. Structural breaks are established using
the methodology of Bai and Perron (2003). Break is a dummy variable that takes a value of one in
subperiods with a positive trend and zero in subperiods with a negative trend. The generalized
method of moments (GMM) procedure is used to estimate each regression, along with the Newey
and West (1987) correction. The notations *, **, and *** indicate significance at the 1%, 5%, and 10%
levels, respectively.

Panel A: EUR

Intercept 62.073 (13.89 *) 64.576 (14.40 *) 60.603 (13.72 *)
GK volatility −0.071 (−4.44 *)
Returns volatility −3.764 (−5.38 *)
Realized volatility 0.000 (−0.64)
Volume 0.925 (211.83 *) 0.923 (211.09 *) 0.927 (214.43 *)
Depth 0.000 (2.37 **) 0.000 (3.38 *) 0.000 (2.16 **)
D1 28.868 (3.39 *) 27.287 (3.22 *) 29.211 (3.43 *)
D2 81.289 (17.19 *) 82.150 (17.41 *) 81.566 (17.23 *)
DT−1 1.375 (0.48) 1.747 (0.62) 1.499 (0.53)
DT −7.383 (−2.54 **) −6.901 (−2.39 **) −7.302 (−2.52 **)
Break −33.390 (−12.71 *) −33.468 (−12.76 *) −33.329 (−12.68 *)

Panel B: Gold

Intercept 11.122 (12.53 *) 11.920 (13.65 *) 10.042 (11.62 *)
GK volatility −0.056 (−5.30 *)
Returns volatility −0.811 (−8.45 *)
Realized volatility −0.003 (−2.14 **)
Volume 0.864 (155.96 *) 0.861 (158.84 *) 0.871 (163.31 *)
Depth 0.001 (10.03 *) 0.001 (10.50 *) 0.000 (9.05 *)
D1 −15.402 (−9.58 *) −15.673 (−9.79 *) −14.970 (−9.34 *)
D2 2.737 (2.67 *) 3.265 (3.15 *) 3.048 (2.87 *)
DT−1 1.871 (1.68 ***) 1.912 (1.72 ***) 1.881 (1.68 ***)
DT 11.345 (8.41 *) 11.307 (8.38 *) 11.429 (8.44 *)
Break 0.302 (0.48) 0.348 (0.57) 0.514 (0.81)

Panel C: Corn

Intercept 160.269 (18.94 *) 161.430 (19.22 *) 157.064 (18.95 *)
GK volatility −0.097 (−2.41 **)
Returns volatility −1.495 (−2.13 **)
Realized volatility 0.000 (−0.05)
Volume 0.709 (50.78 *) 0.711 (51.54 *) 0.712 (51.62 *)
Depth −0.002 (−2.31 **) −0.002 (−1.98 **) −0.002 (−2.66 *)
D1 −13.474 (−0.88) −15.470 (−1.00) −12.640 (−0.82)
D2 55.483 (5.30 *) 53.034 (5.26 *) 49.114 (4.50 *)
DT−1 5.729 (0.64) 5.763 (0.64) 5.704 (0.64)
DT 38.281 (3.24 *) 37.751 (3.17 *) 39.226 (3.31 *)
Break 26.988 (5.04 *) 26.866 (5.02 *) 27.917 (5.21 *)
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Table 7. Depth frequency and structural breaks. This table presents the coefficient estimates for the fol-

lowing model: Depth f requencyt = α0 + β1Volatilityt−1 + β2Frequencyt + β3Deptht−1 +
2
∑

i=1
φiDi +

T
∑

i=T−1
φiDi + β4Breakt + εt. Depth frequency is computed as the summation of the number of orders

available across a limit order book’s five levels. Volatility is one of three measures of volatility. GK
volatility is the Garman and Klass (1980) measure of volatility that consists of the high, low, open,
and close price values within an interval. Returns volatility is defined as the absolute value of returns
across time intervals. Realized volatility is the summation of each interval’s squared returns. Frequency
is calculated as the number of trades in each time interval. D is a dummy variable that has a value of
one for the first two and last two time intervals of each day and a value of zero for the remaining
time intervals. The T subscript denotes the last interval in a day. Structural breaks are established
using the methodology of Bai and Perron (2003). Break is a dummy variable that takes a value of one
in subperiods with a positive trend and zero in subperiods with a negative trend. The generalized
method of moments (GMM) procedure is used to estimate each regression, along with the Newey
and West (1987) correction. The notations *, **, and *** indicate significance at the 1%, 5%, and 10%
levels, respectively.

Panel A: EUR

Intercept 5.262 (7.37 *) 6.220 (8.42 *) 4.898 (6.95 *)
GK volatility −0.022 (−4.56 *)
Returns volatility −1.334 (−5.92 *)
Realized volatility 0.000 (−0.96)
Frequency 0.000 (3.05 *) 0.000 (3.98 *) 0.000 (2.88 *)
Depth 0.951 (275.76 *) 0.948 (268.44 *) 0.953 (280.11 *)
D1 37.216 (12.81 *) 36.614 (12.65 *) 37.345 (12.84 *)
D2 29.390 (17.88 *) 29.775 (18.11 *) 29.452 (17.89 *)
DT−1 3.819 (5.34 *) 3.884 (5.43 *) 3.888 (5.44 *)
DT −1.546 (−2.40 **) −1.426 (−2.20 **) −1.491 (−2.32 **)
Break 0.427 (0.83) 0.485 (0.94) 0.285 (0.56)

Panel B: Gold

Intercept 5.576 (14.30 *) 5.519 (14.58 *) 5.381 (14.10 *)
GK volatility −0.009 (−3.63 *)
Returns volatility −0.084 (−2.73 *)
Realized volatility −0.001 (−2.15 **)
Frequency 0.000 (−1.93 ***) 0.000 (−1.53) 0.000 (−2.50 **)
Depth 0.913 (164.15 *) 0.915 (169.10 *) 0.917 (169.70 *)
D1 −6.927 (−12.06 *) −6.928 (−12.07 *) −6.855 (−11.95 *)
D2 4.679 (13.16 *) 4.739 (13.40 *) 4.815 (13.21 *)
DT−1 −0.794 (−2.93 *) −0.783 (−2.90 *) −0.793 (−2.93 *)
DT −0.906 (−3.35 *) −0.896 (−3.31 *) −0.898 (−3.31 *)
Break −1.481 (−9.44 *) −1.441 (−9.36 *) −1.444 (−9.26 *)

Panel C: Corn

Intercept 10.040 (14.49 *) 10.949 (15.54 *) 10.058 (14.79 *)
GK volatility 0.001 (0.22)
Returns volatility −0.388 (−5.16 *)
Realized volatility 0.002 (2.36 **)
Frequency −0.002 (−8.45 *) −0.002 (−7.00 *) −0.002 (−8.67 *)
Depth 0.890 (121.37 *) 0.889 (121.66 *) 0.889 (122.42 *)
D1 14.028 (8.73 *) 13.500 (8.40 *) 13.991 (8.73 *)
D2 17.476 (15.16 *) 18.708 (17.28 *) 16.202 (13.71 *)
DT−1 −1.404 (−1.77 ***) −1.389 (−1.76 ***) −1.385 (−1.75 ***)
DT −3.681 (−3.82 *) −4.002 (−4.17 *) −3.629 (−3.77 *)
Break 3.960 (8.64 *) 4.040 (8.70 *) 3.888 (8.54 *)

In Panel A of Table 6, we find a negative and statistically significant coefficient on
GK volatility and Returns volatility. Gold futures in Panel B display an inverse relation
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between all three measures of volatility and Depth quantity. In Panel C, a negative relation
is presented between GK volatility and Returns volatility, and Depth quantity for corn futures.
Overall, these results suggest a negative relation between Depth quantity and volatility after
adjusting for structural breaks and other control variables.

In Table 7, across Panels A, B, and C, we find evidence of a negative relation between
volatility and Depth frequency. To sum up, after accounting for structural breaks in our data,
an inverse relation between volatility and depth persists.

5. Conclusions

This paper aims to investigate the relation between volatility and limit order book
depth using a unique dataset of electronic five-deep depth data for commodity and foreign
exchange futures contracts. Our findings show a negative relation between volatility and
limit order book depth and suggest that the depth in the limit order book decreases as
volatility increases. Presented results are robust to both the amount of depth available in
the full limit order book (Depth quantity) and the number of orders placed across the limit
order book (Depth frequency), alternate measurements of volatility, and a variety of control
factors.

Our conclusions do not support the theoretical prediction of Handa and Schwartz
(1996) and Foucault (1999) and agree with the experimental findings of Bloomfield et al.
(2005). The implication of our results agrees with Brogaard et al. (2019), who document
an inverse relation between the frequency of limit orders and the previous day’s volatility.
However, our result inferences contrast with Bae et al. (2003), who find that market
participants place more limit than market orders when they expect high price volatility.

Our empirical results are consistent with Chen and Wu (2009) but disagree with
Ahn et al. (2001). A possible explanation for our results is the high adverse selection
costs in futures markets relative to equity markets. In a futures market context, high
adverse selection costs are due to highly leveraged margin accounts and trading with
more informed traders. In effect, an increase in volatility may cause market participants to
provide less depth due to high adverse selection costs in futures markets.

Limit order books serve as the building blocks of markets around the world. The
relation between volatility and limit order book depth plays a vital role in the provision of
liquidity. Our results help to understand how market participants provide liquidity via the
placement of limit orders during periods of shifts in prices.

One avenue for future research is to explore the relation between depth and the
liquidity-driven and information-driven components of volatility. In addition, it may be
prudent to examine the effect of volatility on depth separately for the bid and ask sides of
the limit order book during crisis periods.
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