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1 Introduction

A general presumption in dealing with financial time series is that the continuous evo-

lution of asset prices is driven by Brownian motion processes (Bachelier, 1900). However,

that presumption is undermined by the failure of Brownian increments to explain heavy-

tails observed in the distribution of returns. With an alternative approach, Merton (1976)

proposes a finite-jump diffusion process, which successfully mimics empirical continuous

and jump components. As small jumps eliminate the need of a Brownian component, the

attraction of pure jump processes lies with their versatility and flexibility.1

Although the practical importance and relevance of jumps in financial data is univer-

sally recognized, the relative appropriateness of large and/or small jumps, and the extent

to which Brownian motion is necessary, remain unanswered questions. For instance, in

comparing several diffusion and finite-jump diffusion models, Andersen et al. (2002) con-

clude that a finite-jump diffusion model is capable of catching the characteristics of the

S&P 500 returns. However, using the same index, Carr et al. (2002) find that a pure

jump process is the most appropriate model.2 The source of such discrepancies may be

associated to that parametric approaches run the risk of incorrect specification for func-

tionals in their chosen models. This is not the case with the non-parametric approaches

employed in this paper.

There is a huge body of literature offering a large number of non-parametric price

jump tests (e.g. Aı̈t-Sahalia and Jacod, 2009b, Aı̈t-Sahalia et al., 2012, Andersen et al.,

2012, Barndorff-Nielsen and Shephard, 2006, Corsi et al., 2010, Jiang and Oomen, 2008,

Lee and Mykland, 2008, 2012, Podolskij and Ziggel, 2010, Wang and Zheng, 2022), tests

to evaluate the presence of a Brownian component (e.g. Aı̈t-Sahalia and Jacod, 2010,

1Some infinite jump models are the variance gamma model (Madan and Seneta, 1990), the hyperbolic
model of (Eberlein and Keller, 1995), the CGMY Carr et al. (2002), the COGARCH model (Klüppelberg
et al., 2004), the non Gaussian Ornstein-Uhlenbeck-based models Barndorff-Nielsen and Shephard (2001),
the CARMA model (Brockwell, 2001), the normal inverse Gaussian Barndorff-Nielsen (1997), Rydberg
(1997), among others.

2The use of finite-jump diffusion models dates back to Merton (1976) and Jorion (1988), and they
are strictly linked to macroeconomic announcements (see for instance Bajgrowicz et al., 2016, Dungey
and Hvozdyk, 2012, Gilder et al., 2014, Huang, 2018). By contrast, Carr et al. (2002), Carr and Wu
(2007), Cont and Tankov (2004), Daal and Madan (2005), Geman (2002), Huang and Wu (2004), show
that pure jump processes perform better as compared to the classical mixture models.
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Cont et al., 2011, Jing et al., 2012a, Kong et al., 2015), and tests to examine whether

jumps have finite or infinite activity (e.g. Aı̈t-Sahalia and Jacod, 2011, Cont et al., 2011,

Kong, 2019).3 A few contributions have investigated the finite sample properties of price

jump tests only (Dumitru and Urga, 2012, Huang and Tauchen, 2005, Maneesoonthorn

et al., 2020), yet providing only limited guidance on the optimal frequency and the impact

of microstructure noise on alternative procedures (Brownian component and infinite vs.

finite jump activity tests). Our paper aims to fill this gap.

The main aim of this paper is to examine the finite sample properties of both price

jump and alternative test statistics under different types of market microstructure noise

(accommodating for temporal heteroscedasticity and dependence, and accounting for

bounce-backs typically observed in trade data), different levels of jump activity, and

alternative sampling frequency. Our comprehensive simulation exercise is methodological

relevant and empirically sound in the light that the asymptotic distribution of most of the

testing procedures proposed have been derived under the assumption of noiseless prices.

Therefore, microstructure noise becomes a relevant consideration as ∆n → 0. Whereas

sparse sampling provides a remedy against microstructure noise (e.g. Ait-Sahalia et al.,

2005), sampling too sparsely reduces the power of the tests. Thus, it is vital to find a

trade-off between achieving enough statistical power and avoiding distortions that could

arise from microstructure noise, as inference about the appropriate model depends on

the sampling frequency and testing technique (see, for instance, Todorov and Tauchen,

2010).

We evaluate the Brownian motion hypothesis using the test proposed by Kong et al.

(2015). Since this procedure, in a noise-free environment, improves upon the results

of Aı̈t-Sahalia and Jacod (2010) and Jing et al. (2012a), we assess the finite sample

properties of the best performing test statistic. To test for infinite activity, we follow

Aı̈t-Sahalia and Jacod (2011), who propose two tests for identifying the presence of finite

and infinite jump activity. One version of the test is the complement of the other version,

3The literature has also made use of the Blumenthal-Getoor index to estimate jump activity. How-
ever, this estimator serves as an indicator for the presence of finite/infinite activity rather than a for-
mal tool to disentangle these two components, (e.g. Aı̈t-Sahalia and Jacod, 2009a, Jing et al., 2012b,
Kolokolov, 2020, Todorov, 2015, Todorov and Tauchen, 2010).

3



and thus their finite sample properties and conclusion are relatively the same. In this

paper, we consider the test for infinite jump activity. To test for price jumps, we follow

(Podolskij and Ziggel, 2010, PZ hereafter) employing both their standard and robustified

versions. The PZ test and the tests developed by Aı̈t-Sahalia and Jacod (2009b), Aı̈t-

Sahalia et al. (2012) are to identify both finite and infinite jump activity. However, as

shown by Dumitru and Urga (2012) and Maneesoonthorn et al. (2020), the latter two

procedures are the least powerful tests at relatively lower frequencies.

The main results of our Monte Carlo experiments can be summarised as follows. In

the absence of microstructure noise, all the tests had satisfactory finite sample properties,

which deviate slowly from the theoretical size and power as the time-interval widens.

Conversely, the presence of microstructure noise biases the distributions of all the tests,

except for the robustified PZ test, which is derived under the assumption of noisy prices.

In the presence of Gaussian noise, the distributions of the tests show bias only at very

high frequencies. In the presence of t-distributed and Gaussian-T mixture noise, the

performance of all the tests is severely adversely affected. Sampling sparsely decreases

the bias of the tests. Under Gaussian noise, the tests display satisfactory results when

returns are sampled every 30 seconds. When microstructure noise is t-distributed or

Gaussian-T mixture, sampling every 60 seconds give satisfactory results. However, in

the presence of non-Gaussian noise, the standard PZ test shows severe upward bias even

when returns are sampled every 90 seconds.

In our empirical illustration, we consider 100 individual stocks and the SPY (S&P 500

ETF) from January 2000 to December 2020. Guided by our Monte Carlo experiment, we

sample returns every 1 minute as this sampling frequency shows sufficient statistical power

with fewest distortions arising from microstructure noise. There is strong evidence of the

presence of both a Brownian component and a jump part. On average across sectors,

jumps occurred on one-third of days. In the SPY, jumps occurred on one-fifth of days.

The smaller proportion recorded for the latter is the result of aggregation. In reducing

idiosyncratic risk, aggregation causes stock specific jumps to be ‘lost’. Although finite

and infinite jumps characterize the jump component, finite jumps contribute more to the
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total jump part. We also report the jump activity index estimated, β̂, as in Jing et al.

(2012b). β̂ oscillates around 1.0, which confirms the presence of finite and infinite jumps

across the individual stocks and SPY. Finally, we document significant time variation in

the rejection rates, with variations ranging between 12–35%. This suggests that the data

generating process should allow for time variation, where generally an increase in the

rejection of no jumps is accompanied with a decrease in the rejection of infinite jumps.

The remainder of the paper is structured as follows. Section 2 reviews both the

theoretical background and the test statistics which are respectively categorized as pure

jump test (Kong et al., 2015), infinite activity jump (Aı̈t-Sahalia and Jacod, 2011), and

jump test (Podolskij and Ziggel, 2010). Section 3 describes the Monte Carlo setup,

reports the simulated results, and provides guidelines for practitioners. The empirical

illustration including a time-variation exercise for the rejection rates are reported in

Section 4. Section 5 concludes.

2 Theoretical Background

In this section, we briefly review the test statistics considered, together with a brief

description of (truncated) power variation methods which are the building blocks of most

of the procedures.

2.1 Background

Let the log-price Xt follow a semimartingale defined on some filtered probability space

(Ω,F , (Ft)t≥0,P):

Xt = x0 +

∫ t

0

bsds+

∫ t

0

σsdWs +Xd
t , (1)

where x0 is the initial value, bs is the continuous and locally bounded drift term, σs is

a strictly positive and càdlàg stochastic volatility process, Ws is a standard Brownian

motion, and Xd
t is a pure-jump component. The Blumenthal-Getoor (BG) index of Xd

t
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measures the degree of activity of small jumps and is defined as:

β := inf

{
r;
∑

0≤s≤T

|∆Xs|r < ∞

}
, (2)

where ∆Xs = Xs −Xs− ̸= 0 if jumps are present. β serves as an indicator of the activity

of jumps contained in Xd. The larger the β, the more active the jumps. A finite activity

jump process such as a compound Poisson process has β = 0, whereas a β-stable process

has an index equal to β ∈ (0, 2). Finite variation corresponds to 0 < β < 1 and infinite

variation to 1 < β < 2.

To construct the tests we define power and truncated power variations (see, Jacod,

2008, Mancini, 2001, 2009), as well as an estimator of the continuous part that is robust

to infinite jump variation (see, Jacod and Todorov, 2014, JT hereafter).

Let denote the power variation estimator as B(p,∞,∆n)t, which is outline as:

B(p,∞,∆n)t = np/2−1

⌊t/∆n⌋∑
i=1

|∆n
i X|p P−→


µp

∫ t

0
|σs|pds, (No Jumps),

∞, (With Jumps),

(3)

when p > 2, and µp ≡ E[|U |p] = 2p/2√
π
Γ
(
p+1
2

)
, where U ∼ N (0, 1). ∆n

i X = Xi∆n −

X(i−1)∆n , with ∆n = 1/n for 0 ≤ i ≤ n. It is well-known that:

B(2,∞,∆n)t =

⌊t/∆n⌋∑
i=1

|∆n
i X|2 P−→

∫ t

0

σ2
sds︸ ︷︷ ︸

Integrated Variation (IVt)

+
∑
0<s≤t

(∆sX)2︸ ︷︷ ︸
Jump Variation

. (4)

We denote the truncated power variation as B(p, νn,∆n)t:

B(p, νn,∆n)t = np/2−1

⌊t/∆n⌋∑
i=1

|∆n
i X|p1{|∆n

i X|≤νn}
P−→
∫ t

0

µp|σs|pds (5)

where νn = α∆ϖ
n is the truncation threshold and α > 0 is expressed in units of the

standard deviation of the continuous part of the process for a constant ϖ ∈ (0, 1/2).

When the jump of Xt is a Lèvy process with the Blumenthal-Getoor index β ∈ [0, 2), as

6



outlined in equation (2), then the required condition is given by ϖ ≥ p−2
2(p−β)

, for p > 2.

The JT bias-corrected estimator, C(un)
n
j , is outlined as:

C0(un)
n
j = 2kn∆n

⌊t/kn∆n⌋−1∑
j=0

(
c0(un)

n
j −

1

u2
nkn

(sinh(u2
nc0(u)

n
j ))

2

)
P−→
∫ t

0

σ2
sds (6)

where

c0(un)
n
j = − 1

u2
n

log

(
L(un)

n
j ∨

1√
kn

)
L(un)

n
j =

1

kn

kn−1∑
l=0

cos
(
un(∆

n
2jkn+1+2lX −∆n

2jkn+2+2lX)/
√
∆n

)

where the following conditions must satisfy kn∆
1/2
n → 0, un → 0, supn

kn∆
1/2
n

u4
n

< ∞.

Possible choice for kn and un are kn ≍ 1/
√
∆n(log(1/∆n))

x and un ≍ 1/(log(1/∆n))
x′
for

0 < x′ ≤ x/4, where x ∈ (0, 1]. Where the statement x ≍ y means that 1/A ≤ x/y ≤ A,

for a constant A ∈ (1,∞) (for more details, see Jacod and Todorov, 2014).

2.2 Test Statistics

In what follows, we offer a short overview of the test statistics used to identify the

presence of Brownian component, infinite/finite jumps, as well as testing for the presence

of price jumps.

Pure Jump Test

The pure-jump test of Kong et al. (2015, KLJ hereafter) is based on the realized charac-

teristic function and checks whether the underlying process of a high-frequency data set

can be modelled as a pure-jump process. In finite sample terms, this test is superior to

the Brownian test of Aı̈t-Sahalia and Jacod (2010) and the modified version of the latter

proposed by Jing et al. (2012a). The pure jump test is of the following hypotheses:

H0 :

∫ t

0

σ2
sds > 0 v.s. H1 :

∫ t

0

σ2
sds = 0.
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The test, under the null, limit distribution takes the following form:

Tt =
C0(un)

n
j − C1(un)

n
j − γn∆

1/2

2I
1/2
n ∆

1/2
n

Ls−→ N (0, 1), (7)

where

In ≡ 1

2
(In,0 + In,1)

In,k = 2kn∆n

⌊t/kn∆n⌋−1∑
j=0

(
ck(un)

n
j −

sinh(u2
nck(un)

n
j )

u2
n(kn − 1)

)2

, k = 0, 1

where γn is some chosen constant satisfying γn → 0, and can be estimated as γn =

c∗/ log(u2
n/∆n), where c∗ = 0.2, when the number of observations is moderate. C0(un)

n
j

is estimated as in equation (6), whereas C1(un)
n
j can be defined as the C0(un)

n
j , where

∆n
2jkn+2l+1X −∆n

2jkn+2lX is replaced by ∆n
2jkn+2lX −∆n

2jkn+2l−1X, for l = 1, . . . , kn − 1.

Finally, H0 can be rejected if Tt < −zθ where P(N (0, 1) > zθ) = θ for θ ∈ (0, 1).

As KLJ do not provide analytical results for cases that include microstructure noise,

our prior is that, in the presence of microstructure noise, the test would be unable to

recognize whether the small and frequent movements are Brownian or pure jump incre-

ments.

Infinite Activity Jump Test

The infinite activity jump test proposed by (Aı̈t-Sahalia and Jacod, 2011, ASJ here-

after) evaluates the following hypothesis:

H0 : Ω
iβ
T v.s. H1 : Ω

f
T ∩ Ωc

T ,

where Ωiβ
T and Ωf

T respectively refer to infinite and finite jump activity, and Ωc
T is the

diffusive part. The ASJ test is outlined as:4

SIA
t =

B(p′, φνn,∆n)tB(p, νn,∆n)t
B(p′, νn,∆n)tB(p, φνn,∆n)t

P−→ φp′−p. (8)

4The convergence in probability holds only under the stated null hypothesis.
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The CLT of this test, under the null, takes the following form:5

(SIA
t − φp′−p)

/√
σ̂2
t

Ls−→ N (0, 1), (9)

where

σ̂2
t = φ2p′−2p

(
B(2p, νn,∆n)t
(B(p, νn,∆n)t)2

+ (1− 2φ−p)
B(2p, φνn,∆n)t
(B(p, φνn,∆n)t)2

+
B(2p′, νn,∆n)t
(B(p′, νn,∆n)t)2

+ (1− 2φ−p′)
B(2p′, φνn,∆n)t
(B(p′, φνn,∆n)t)2

− 2
B(p+ p′, νn,∆n)t

B(p, νn,∆n)tB(p′, νn,∆n)t

− 2(1− φ−p − φ−p′)
B(p+ p′, φνn,∆n)t

B(p, φνn,∆n)tB(p′, φνn,∆n)t

)
.

We set p = 3, p′ = 4, φ = 2, ϖ = 0.2, and α = 8. As shown by ASJ, this test converges

to φp′−p (1) when the underlying process has infinitely (finitely) many jumps. When

microstructure noise dominates, the test also converges to φp′−p. The implication is that

in the presence of microstructure noise, the test cannot distinguish whether jumps have

finite or infinite activity. zθ denotes the upper θ-quantile of N (0, 1), that is, P(N (0, 1) >

zθ) = θ, for θ ∈ (0, 1), the test rejects H0 when SIA
t < φp′−p − zθ

√
σ̂2
t .

Jump Test

As the difference between the two capture the contribution of jumps, Podolskij and

Ziggel (2010) use the difference between power and truncated power variations to con-

struct their test statistics.6 The test is of the following hypotheses:

H0 : Ω
c
T v.s. H1 : Ω

j
T ,

where Ωc
T and Ωj

T are respectively the set of a continuous and a discontinuous price path.

We outline the test as:

SJ
t =

T (∆n
i X, p)t
ρt

Ls−→ N (0, 1), (10)

5The convergence in law holds only under the stated null hypothesis.
6The limit distribution of the standard and noise-robust versions are all the null limit distributions.
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where

T (∆n
i X, p)t = n(p−1)/2

⌊t/∆n⌋∑
i=1

|∆n
i X|p

(
1− ηi1{|∆n

i X|≤νn}
)
, p ≥ 2, (11)

ρ2t = Var∗(ηi)B(2p, νn,∆n)t. (12)

ηi is a positive i.i.d. random variables with E[ηi] = 1 and E[|ηi|2] < ∞. PZ suggest that

ηi can be sampled from the distribution:

P η =
1

2
(δ1−τ + δ1+τ ) ,

where δ is the Dirac measure, and τ = 0.1 or 0.05. ϖ is chosen such that it satisfies

ϖ ≥ p−2
2(p−β)

, for p > 2.

PZ are amongst the few that account for microstructure noise.7 Robust jump tests

were generally ignored by subsequent research (e.g Dumitru and Urga, 2012), although

more recently Maneesoonthorn et al. (2020) have shown evidence that both the Aı̈t-

Sahalia et al. (2012) and Lee and Mykland (2012) tests lose power very rapidly. Given

the evidence that jump tests are very sensitive to microstructure noise, in this paper we

also examine the finite sample properties of the robustified PZ test.

Let Yt = Xt+ut be a contaminated price, and ut an additive i.i.d. process. We assume

that ut has E[ut] = 0 and E[u2
t ] = ω2

t , and Xt ⊥ ut (⊥ means stochastic independence).

We pre-filter the data using the pre-averaging method of Jacod et al. (2009), so that the

additive component is eliminated. The pre-averaging returns are defined as:

∆n
i Ȳ =

Kn−1∑
j=0

g

(
j

Kn

)
∆n

i+jY,

where Kn/
√
n = Θ + o

(
n−1/4

)
, for some Θ > 0, and a nonzero real-valued function

7Other robustified tests are Aı̈t-Sahalia et al. (2012), Jiang and Oomen (2008), and Lee and Mykland
(2012).
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g(x) = (x ∧ 1− x). The test is outlined as:

SJnoise

t =
T noise

(
∆n

i Ȳ
)
t√

Γt

Ls−→ N (0, 1), (13)

T noise
(
∆n

i Ȳ , p
)
t
= n(p−2)/4

⌊1/∆n⌋−Kn+1∑
i=0

|∆n
i Ȳ |p

(
1− ηi1{|∆n

i Ȳ |≤νn}

)
, p ≥ 2, (14)

Γt = Var∗ (ηi)n
(p−2)/2

⌊1/∆n⌋−Kn+1∑
i=1

|∆n
i Ȳ |2p1{|∆n

i Ȳ |≤νn}, (15)

where α > 0, ϖ ∈ (0, 1/4) and ηi is estimated as described above.8 Both versions of the

test reject H0 when SJ
t (S

Jnoise

t ) > zθ where P(N (0, 1) > zθ) = θ for θ ∈ (0, 1).

3 Monte Carlo Study

With the exception of the robustified PZ test, all the tests are derived under the

assumption of noiseless prices. Therefore, market microstructure noise and finite sample

are likely to affect the performance of these procedures. This section evaluates the per-

formance of these tests under different types of microstructure noise and across several

sampling frequencies. The aim of this exercise is to identify an optimal trade-off between

performance and bias.9

3.1 Monte Carlo design

In following Aı̈t-Sahalia and Jacod (2010, 2011) and Jing et al. (2012a), we use a

Heston stochastic volatility model that allows for both finite and infinite jumps, while for

8For more details on the pre-averaging methods used, see (Podolskij and Ziggel, 2010, Section 4)
9Price staleness is another motive for avoiding very high sampling frequencies. With less active stocks

there are higher proportion of zero returns, and this can distort finite sample properties of tests (see, for
instance, Bandi et al., 2020, 2017).
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the pure-jump process νt ≡ 0, i.e. dXt = θLdLt. The model is described as:

dXt = ν
1/2
t dW

(1)
t + θLdLt

dνt = k(η − νt)dt+ γν
1/2
t dW

(2)
t ,

(16)

with E[dW (1)
t dW

(2)
t ] = ρdt, η = 0.252, γ = 0.5, k = 5, ρ = −0.5, and the pure jump

process is either a finite activity compound Poisson process or a β-stable infinite activity

process. The compound Poisson has intensity λ = 1 and jumps that are uniformly

distributed on ν
1/2
t

√
m([−2,−1]∪ [1, 2]), where m = 0.7. When using compound Poisson

Jumps, we set θL = 1.0. We set the following values for β = {1.00, 1.25, 1.50}, and

θL = 0.5.

We add the measurement error, so that we do not observe the true price Xt, but

observe instead the contaminated price as follows:

Yt = Xt + ut, (17)

where Yt and Xt are respectively the contaminated and true log-price processes, and ut

is the measurement error with E[ut] = 0, and E[u2
t ] = ω2

t . We follow Aı̈t-Sahalia et al.

(2012) and consider four settings:

ut =



0, (No noise)

2ν
1/2
t ∆

1/2
n uA

t , (Gaussian noise)

2ν
1/2
t ∆

1/2
n uB

t

/√
df

df−2
, (T-distributed noise)

2ν
1/2
t ∆

1/2
n

(
uA
t + uB

t

/√
df

df−2

)
, (Gaussian-T mixture noise),

(18)

where uA
t and uB

t are mutually independent i.i.d. drawn from an N (0, 1) distributed

and a t-distribution with degree of freedom df = 2.5, respectively. The instantaneous

standard deviations of the Gaussian noise and the t-distributed noise are twice that of

the diffusive increment, i.e., (νt∆n)
1/2, and allow for temporal heteroskedasticity and

dependence in ut. The t-distributed noise captures the large bouncebacks commonly
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observed in transaction data as shown in Figure 1. We generate data for 50 days and use

3,000 replications, which encompass 150,000 simulated days.

Figure 2 plots the distribution of the tests using a diffusion process (equation (16))

contaminated with different types of microstructure noise. Of course, in the absence of

noise effects (Figure 2a) all procedures are well-behaved, so giving good finite sample

properties. When noise is added, there is a decrease in performance in all the tests,

but the robustified PZ test. Gaussian noise (Figure 2b), the most popular type of noise

in the literature, produces least distortions in all the test statistics. By contrast, t-

distributed (Figure 2c) and Gaussian-T mixture (Figure 2d) noise severely affect the

standard procedures.

By comparison, the standard PZ test is upward biased, which results in a high in-

cidence of type I error. However, the bias induced by Gaussian noise is present only

at high sampling frequencies, while the bias from t-distributed and Gaussian-T mixture

noise distorts the distribution of the test even when returns are sampled every 90 sec-

onds. On the other hand, the distribution of the robustified PZ test is largely unaffected

whether or not the underlying process is contaminated with microstructure noise. The

KLJ and ASJ tests are also more affected when the noise is non-Gaussian. Nevertheless,

the distribution of both tests under the different types of microstructure noise suggest

that sampling sparsely, and not at very low frequencies, can solve this issue without losing

much power.

Figure 3 shows the distribution of the tests when the model is an infinite-jump dif-

fusion process with β = 1.0. The distribution of both versions of the PZ test tends to

infinity in the presence of infinite jumps, which confirms the capacity of these tests to

identify jumps of infinite variation. The noise has little effect on the finite sample per-

formance of the PZ tests. This is mainly because the noise-robust version is not affected

by any type of noise as shown in Figure 2, and the standard PZ test is oversized in the

presence of noise, which does not affect the power of the test but increases the spurious

detection of jumps. The distribution of the KLJ test shows similar behavior to the jump

diffusion case; that is, the test is downward biased in the presence of microstructure noise.
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This means that the test fails to distinguish between the null and alternative hypothesis.

As expected, the ASJ test is centered around 2 in the absence of noise, while in the

presence of t-distributed and Gaussian-T mixture noise the distribution shifts to the left

of 2, thereby indicating a rise in type II error.

In what follows, we focus on the finite sample properties of these procedures across dif-

ferent sampling frequencies using a significance level of θ = 0.01. We sample the simulated

data every 5, 30, 60, and 90 seconds, which corresponds to ⌊1/∆n⌋ = {4680, 780, 390, 260}

observations per day, respectively.

3.2 Monte Carlo Results

The full set of results of the Monte Carlo exercise is reported in Tables 1-4. In each

table, the first three rows report the KLJ and PZ tests, whereas the fourth row reports

the ASJ test. When the model is a diffusion process (Table 1), the KLJ and PZ tests

report their empirical size, while the ASJ test its empirical power. When the model is

a finite jump-diffusion process (Table 2) the KLJ test reports its empirical size, whereas

the PZ and ASJ tests report their empirical power. When the model is an infinite jump-

diffusion process (Table 3), the KLJ and ASJ tests report their empirical size, while the

PZ tests report their empirical power. Finally, Table 4 reports the empirical power of the

KLJ test given that the model is a pure-jump process.

3.2.1 Pure Jump Test

Tables 1, 2 and 3 report the empirical sizes of the KLJ test given that all the underlying

processes contain a diffusive component. When the underlying model is a diffusion process

(Table 1), the KLJ test tends to be upward biased in the absence of microstructure effects.

As indicated in Figure 2, in the presence of microstructure noise, the test has a downward

bias, which worsens when the noise is t-distributed or Gaussian-T mixture. However, the

KLJ test gets closer to the theoretical size around 30 to 60 seconds, i.e ⌊1/∆n⌋ = 780 and

390, respectively. When the underlying process is a finite-jump diffusion process (Table 2),

results are very similar to those shown in Table 1; i.e. the KLJ test is slightly oversized
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in the absence of microstructure noise, while when any type of noise is contaminating the

true price process, the test is undersized and approaches to the theoretical size around

30 to 60 second sampling frequency.

Table 3 presents the results using an infinite-jump diffusion process with jump activity

index equal to β = {1.00, 1.25, 1.50}. In the absence of microstructure noise, the KLJ

test is close to its theoretical size. However, when using a β = 1.50, the test is downward

biased. An explanation for this finding is that, as β → 2, the increments are closer to those

of a Brownian motion, which makes it difficult for the test to recognize true Brownian

increments. When microstructure noise contaminates the true underlying process, we

observe a decrease in the size of the test, which can be recovered by sampling more

sparsely, i.e. every 780 to 390 observations.

Table 4 reports the power of the KLJ test using a pure jump process. The mi-

crostructure noise is simulated as outlined in equation (18), where νt is replaced by the

JT estimator, so that the variance of the noise is constant within a day, but changes from

day-to-day. In the absence of microstructure noise, the power of the KLJ test is close to

the theoretical power, and decreases both as the time interval increases and as β → 2.

Unlike the noiseless case, the presence of Gaussian noise marginally decreases the power

of the test when β = 1.0. However, for values of β ∈ [1.25, 1.5] there is a sharp reduction

in the power of the test, which declines as ⌊1/∆n⌋ = 780 or smaller. By contrast, when

the underlying process is contaminated by either t-distributed and Gaussian-T mixture

noise, the KLJ test displays very low power at higher frequencies. This increases when

β ∈ [1.25, 1.5]. The impact of these types of noise, unsurprisingly, diminishes by sampling

more sparsely, with the power of the test being of similar magnitude to the no noise case

when ⌊1/∆n⌋ = 390.

All in all, the KLJ test has high power in the absence of microstructure noise, improv-

ing further as ∆n → 0. When microstructure noise is added, the KLJ test is undersized

under the null and increases the type II error under the alternative hypothesis. Al-

though this is observed for all types of microstructure noise, Gaussian noise produces

less severe distortions that are only observed at high sampling frequencies and as β → 2.
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The distortions of t-distributed and Gaussian-T mixture noise are less obvious around

⌊1/∆n⌋ = 390, which suggests that sampling returns every 1-min presents a good trade-

off between bias and performance. As a robustness-check, we also implement the test of

Jing et al. (2012a), which shows being oversized for time intervals lower than 4,680 (5-

seconds). Note that this comparison is in line with what reported in Kong et al. (2015).

Thus, we do not report these results which are available upon request.

3.2.2 Infinite Activity Jump Test

Tables 1 and 2 report the power of the ASJ test, since the data generating process

is a diffusion and finite-jump diffusion, respectively. In the absence of microstructure

noise, the power of the test declines as the time interval increases. For instance, when

the data generating process is a diffusion and a finite-jump diffusion, the power of the

test is respectively 0.940 and 0.936 using 1-min returns; i.e. ⌊1/∆n⌋ = 390. This suggests

that the loss of power due to sampling more sparsely when prices are noiseless is very

limited.

As shown by Aı̈t-Sahalia and Jacod (2011) (and as depicted by Figure 2), when

microstructure noise dominates, the ASJ test converges to φp′−p. The implication is that

the test fails to distinguish between its null and alternative hypotheses. Nevertheless,

irrespective of whether the process is a diffusion or finite-jump diffusion, all types of

microstructure noise increase the type II error of the test. Whereas the effect of Gaussian

noise declines rapidly after ⌊1/∆n⌋ = 4680, the distortions of t-distributed and Gaussian-

T mixture are larger, though considerably reduced by sampling from ⌊1/∆n⌋ = 390

onwards.

Table 3 reports the size of the ASJ test, i.e. the results when the underlying model

is an infinite-jump diffusion process. In the absence of microstructure noise effects, the

size of the ASJ test is close to the theoretical size. As β → 2 and the number of intraday

observations decreases, type I error rises, as it is harder to distinguish between infinite

jumps and Brownian increments. When the underlying process is contaminated with

Gaussian noise and β ∈ [1.0, 1.25], there are few differences with the noiseless case. This
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becomes more apparent with β = 1.5. The t-distributed and Gaussian-T mixture noise

considerably increase the number of spurious rejections in the ASJ test. This holds

irrespective of the value of β. Then, as the sampling frequency decreases, the number of

spurious rejections falls, before rising again at ⌊1/∆n⌋ = 260.

To summarize, the ASJ test performs relatively well in the presence of Gaussian noise,

although type I error increases when the noise is t-distributed or Gaussian-T mixture.

However, sampling sparsely provides a simple remedy at around 1-min returns, as we find

that sampling lower than 1-min increases the number of spurious rejections.

3.2.3 Jump Test

The null hypothesis H0 : Ωc
T holds when the underlying model follows a diffusion

process, and therefore Table 1 reports the size of the PZ tests. When prices have no noise,

both versions of the PZ tests lie close to the theoretical size across all sampling frequencies.

Whereas the noise-robust version of the test performs extremely well irrespective of the

type of noise employed, the standard PZ test is oversized under microstructure effects.

Nonetheless, the standard PZ test seems to be somewhat robust to Gaussian noise, with

a type I error close to the theoretical size, once returns are sampled every 30 seconds

onwards. This attests the sensitivity of the standard version to microstructure noise,

which increases the spurious detection of jumps making it impossible to identify true

jump days.

Tables 2 and 3 report results when the underlying process follows a finite- and infinite-

jump diffusion, respectively. Given the above results, it is no surprise that the standard

PZ shows power value of 1 across all sampling frequencies. This is mainly because mi-

crostructure noise causes the test to explode to infinity, so that it is unable to distinguish

between the null and alternative hypotheses. For instance, the size of the test when

⌊1/∆n⌋ = 780 under t-distributed noise, is 0.744. This suggests that the test is likely to

identify almost every day as a jump day, even though the true process has no discontinu-

ities. Conversely, the noise-robust PZ test, SJnoise

t , is unaffected by microstructure noise,

thereby achieving similar finite sample performance relative to the no noise case.
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Despite the capacity of the PZ tests to detect jumps of finite and infinite activity, it is

surprising to find such a power level when β = 1.50. As β → 2, the infinite jumps are akin

to Brownian increments, whereby one would expect the tests to struggle in disentangling

the small jumps from the Brownian increments. However, as shown in Figure 3, the

distribution of both tests is shifted to the right, confirming their ability to detect small

jumps.

To summarise. Gaussian noise raises few microstructure problems for the standard

PZ jump test. The t-distributed and the Gaussian-T mixture increase the spurious de-

tection of jumps under the standard test. Irrespective of the presence and the type of

microstructure noise, the noise-robust PZ test performs well in detecting jumps of finite

and infinite activity. As a robustness-check the tests of Aı̈t-Sahalia and Jacod (2009b)

and its noise-robust version (Aı̈t-Sahalia et al., 2012) were considered. Both show a sharp

decrease in power after 5-seconds, with the standard test adversely affected by any type

of noise. Results are available upon request.

3.3 Guidelines for Practitioners

As all the test statistics perform well in the absence of microstructure noise, the

highest sampling frequency should be used. If the noise is considered to be Gaussian,

sampling returns at every 30 seconds would mitigate distortion. With either t-distributed

or Gaussian-T mixture noise then (with the exception of the robustified PZ test) all test

statistics are compromised at high frequencies. Sample returns at 1 minute mitigate

such distortions. The robustified PZ test performs well irrespective of the presence of

microstructure noise; and it successfully identifies jumps of finite and infinite activity at

the 1 minute sampling frequency.
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4 Empirical Study

4.1 Data

Our empirical application considers 100 individual stocks from the S&P 500 basket

and the SPDR S&P 500 ETF (SPY) for the period January 3, 2000 to December 31,

2020.10 Ten representative stocks taken from each sector, vary in terms of liquidity and

market capitalization, so ensuring a heterogeneous representation on each sector. Taking

direction from our simulations, we sample data every 1-min, i.e. ⌊1/∆n⌋ = 390. The use

of the robustified PZ test throughout our empirical analysis is motivated by its excellent

performance both in the absence and presence of microstructure noise, and because the

standard PZ test is sensitive to non-Gaussian noise even when the data are sampled every

1-min. The subsequent analysis uses a significance level of θ = 0.01.

4.2 Empirical Rejections by Sector and Market Capitalization

Panel A of Table 5 reports total number of rejections standardized by the number of

days as an average for all the stocks on each sector and the SPY. Panel B shows the con-

tribution of the continuous and discontinuous component to the total variance estimated

as B (2,∞,∆n)t, and the index of jump activity, β̂, estimated as in Jing et al. (2012b).

We estimate the variables of Panel B as follows: Ct = B (2,∞,∆n)t · 1(no jumps) +

B (2, νn,∆n)t · 1(jumps). Therefore, Jt = B (2,∞,∆n)t −Ct. Finally, CT =
∑

t∈(0,T ] Ct∑
t∈(0,T ] Ct+Jt

and JT =
∑

t∈(0,T ] Jt∑
t∈(0,T ] Ct+Jt

. The contribution of finite and infinite jumps to the total jump

component are obtained as FJt = Jt · 1(finite jumps) and IJt = Jt · 1(infinite jumps).

Thus, FJT =
∑

t∈(0,T ] FJt∑
t∈(0,T ] Jt

and IJT =
∑

t∈(0,T ] IJt∑
t∈(0,T ] Jt

.11

In Table 5, the empirical results show strong evidence for the presence of a Brownian

component with an average rejection rate in favor of a pure jump process of about 2%.

Although those results are above the theoretical size (θ = 0.01), the values are in line with

our Monte Carlo exercise, which shows that the KLJ test is mildly oversized under the

10Our data is obtained from TickData, Inc. The data provider uses proprietary data filters. We
sample down to 1-min using the previous tick interpolation.

11The indicator function for jumps and infinite jumps were obtained using the robustified version of
the PZ test, and the ASJ test, respectively.
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null, for relatively low frequencies such as 1-min. This finding rules out the theory of a

pure jump process, and confirms the relevance of the Brownian component for modelling

the diffusive part.

In Panel A, the rejection rates of the robustified PZ test (first column) confirms the

presence of jumps in both the SPY and individual stocks across sectors. Whereas jumps

are observed in 32% of the days as an average across the sectors, the number of days with

jumps in the SPY account for only 20% of the sample data. The low rejection rate in

the SPY is due to the fact that aggregation of information reduces the idiosyncratic risk,

whereby stock specific jumps are diversified away.

Having established evidence for the presence of a Brownian motion and a jump compo-

nent, we now evaluate whether the jump part is of finite and/or infinite activity. Table 5

(second column) reports the rejection rate of the ASJ test for both the SPY and the

individual stocks classified by sector. The ASJ test provides evidence for the presence

of both types of jumps, where the rejection rate for the SPY and the sector average are

respectively 78.6% and 63.4%, indicating stronger support for finite activity jumps. The

index of jump activity, β̂, oscillates around 1.0 for all the sectors and SPY. This reaffirms

that both finite and infinite jump activity characterize the jump component of our 1-min

stock data.

Provided that the alternative hypothesis of the ASJ could mean finite jumps or just a

Brownian motion, we report on Panel B (Table 5) the contribution of these variables to

total variance. The Brownian component contributes about 86% of the total variance as

an average across all sectors and SPY. From the 14% of the jump part, 75% corresponds

to finite activity jumps. The evidence of both types of jumps is supported such that

finite jumps are normally related to macroeconomic announcements and stock specific

news, which are more likely to produce spillovers. On the other hand, infinite jumps

can be linked to continuously adjusting market microstructure dynamics, which can be

attributable but not limited to inventory allocation, price-contingent trading, stop-loss

and limit-profit orders, among others.

Table 6 reports the rejection rates and contribution of the Brownian and jump compo-
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nent to total variance, where the stocks are classified by sector and market capitalization.

In general, big and large cap have the greatest trading liquidity, therefore our analysis

aims to examine the sensitivity of the rejection rates to the size of the company and

level of liquidity. Small cap stocks display a rejection rate for the null of no jumps and

infinite activity jumps that is about 2% bigger and 1% smaller than big cap companies,

respectively. This directly translates in a bigger contribution of jumps to total variance

of about 3% on average across sectors. The bigger contribution of jumps to total vari-

ance has important implications for asset allocation and risk management. For instance,

a risk averse investor might be expected to avoid investments with large unforeseeable

movements. Furthermore, Jiang and Yao (2013) show that small and illiquid stocks have

higher jump returns to the extent that cross-sectional differences in jumps fully account

for the size and illiquidity effects.

These findings provide new empirical evidence about the frequency of jumps and their

contribution to total variance. Previous studies have generally reported that the propor-

tion of jumps is found to be around 10%, while the contribution to total variance does

not exceed 7% (e.g. Huang and Tauchen, 2005). By contrast, our results indicate that

jumps are not rare events; therefore, the inclusion of both infinite and finite jumps affords

a better explanation for the excess kurtosis observed in intraday stock data than only

considering compound Poisson jumps. These results shed also light about the appro-

priate specification for modelling stock price data, which has important implications for

empirical asset pricing and equity research, as the diffusive and jump part imply different

hedging strategies (e.g Bollerslev and Todorov, 2011a,b).

4.3 Time-varying Rejections

Over the sample period (2000-2020), financial markets experienced several crises pe-

riods (dot-com, sub-prime, European sovereign debt, Covid-19) and the Brexit referen-

dum. These along with the development of efficient trading systems, including electronic

platforms and algorithmic trades, contributed to more frequent and faster reactions to

changes in the market, which could easily generate time variation in statistical proper-
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ties. To further investigate this issue, we follow Erdemlioglu et al. (2015) and fit a probit

model to the daily series of 1% level rejection indicators (0, 1) for the PZ and ASJ test.

We omit the KLJ test, as the low rejection rate refrains any time variation, with fitted

values usually fluctuating less than 5%. We use a sixth order polynomial of time in a

probit model,12 where regressors are a constant, and time trends up to a sixth power. We

have orthogonalized and standardized them to have unit variance.

Figure 4 plots the fitted values of 1% rejection rates for the robustified PZ and ASJ

tests for SPY (S&P 500 ETF). We find significant time variation in the PZ and ASJ tests,

with at least 4 significant polynomial coefficients per regression. In general, there is a

negative correlation in the evolution of the time-varying rejections. This outcome implies

that an increment in the number of jump days,usually resulting in an increase of infinite

jumps vis-à-vis finite jumps. The most notorious feature of these series is the systematic

increase in the rejection of the null of no jumps around 2002, 2008, 2016 and 2020. These

periods experienced the dot-com bubble with the NASDAQ falling by 78% in October

2002, the 2008 crisis with the Dow Jones losing 777.68 points in September 2008, the

period of 2016 contains several important events that might explain the increase in the

jump activity; for instance, the low prices of crude oil made the Dow Jones index fell

565 points, and the US presidential election in 2016 triggered a fall in the S&P 500 of

more than 5% in the premarket trading, creating a circuit breaker to halt trading. Most

of the US indices posted their sharpest declines since the 2008 financial crisis, with the

NASDAQ and S&P 500 falling more 20%, activating the trading curb at the NYSE twice

in a week.

Figure 5, which plots the rejection rates for one representative stocks from each sector,

confirms the negative relation between rejections rates, we observe that whereas the

rejection of the null of no jumps increases, the rejection of the null of infinite jumps

decreases. The only exeception being the results for the DUKE Energy Corp (DUK),

where a plausible rationale is that this stock (sector) usually displays countercyclical

behavior. The steady decrease in the rejection rates of the null of infinite jumps might be

12Although the sixth order polynomial provides the best fit for the data, other order polynomials
provide qualitatively similar conclusions.
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explained by the decrease in tick size from 2001 (from 1/16 of a dollar to penny pricing).

This smaller tick size reduces the bid-ask spread and increases trading volume, resulting

in a greater use of small orders (Fleming and Nguyen, 2019), which in turn triggers an

increase in the presence of infinite jumps.

5 Conclusions

This paper applies a robustness check upon several test statistics in regard to various

types of microstructure noise, to different levels of jump activity, and to alternative

sampling frequency. Relative performance is gauged under the assumption of Gaussian,

t-distributed and Gaussian-T mixture noises. The exact knowledge of these features is

crucial for correct inference in modelling stock price data in the context of optimal option

pricing, risk management, and portfolio allocation.

The results of the Monte Carlo simulation exercise show that the presence of mi-

crostructure noise skews the distribution of the test statistics, with the exception of the

robustified PZ test, as their asymptotic distributions are derived under the assumption of

noiseless prices. This results in an increase in the type I or type II error. Specifically, we

find that Gaussian noise only affects the distribution of the tests at very high frequencies,

while t-distribution and Gaussian-T mixture noise completely distort the performance

of the tests. These findings do not apply for the robustified PZ test, which performs

extremely well under any type of microstructure noise. Sampling returns every 30- and

60-seconds when the noise is respectively Gaussian and t-distributed or Gaussian-T mix-

ture reduces considerably the microstructure noise effects.

We apply these tests to 100 individual stocks and SPY using 21 years of data sampled

every 1-min. The empirical results indicate strong evidence for the presence of a Brownian

motion, ruling out the theory of a pure jump process. We also find evidence for the

presence of jumps, which are not rare events. For instance, jumps account for one-third

of the days as an average across sectors compared to one-fifth of the days for SPY. The

smaller proportion of jump days in the SPY is because idiosyncratic jumps are diversified
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away from the Index. The Jump part is characterized by finite and infinite jumps, with

finite activity jumps comprising about 75% of the total jump component. However, the

contribution of jumps to total variance ranges between 10–22% for the sectors and is

close to 5% for SPY. This suggests that the data are more consistent with both finite

and infinite activity jumps, where finite/infinite jumps are generally associated to news

releases/continuously adjusting market microstructure dynamics.

We also find significant time variation in rejection rates. These variations range

between 12–35%, where generally an increase in the rejection of no jumps is associated

with a decrease in the rejection of infinite jumps.

Finally, we recommend that the most appropriate specification for modelling stock

price data should allow for a Brownian motion and jumps of finite and infinite activity,

with the jump component having both time-varying activity and intensity.
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A Tables and Figures

Figure 1: A Realization of the True and Contaminated Continuous Part of the log-price
Increments

-0.10

-0.05

0.00

0.05

0.10

-0.10

-0.05

0.00

0.05

0.10

-0.10

-0.05

0.00

0.05

0.10

-0.10

-0.05

0.00

0.05

0.10

Note: The figures depicts a realization of the noisy continuous part of the log price
(Xc

t + ut). From top to bottom, the continuous part is contaminated with no noise,
Gaussian noise, t-distributed noise, and Gaussian-T mixture noise.
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Figure 2: Distribution of the Tests Statistics using a Diffusion Process with Different
Types of Noise

(a) Xc
t (ut = 0)

(b) Xc
t + ut (Gaussian)

(c) Xc
t + ut (t-distributed, df = 2.5)

(d) Xc
t + ut (Gaussian-T Mixture)

Note: The figure plots the simulated distribution of the different tests under a diffusion
process (equation (16)) with (a) no noise, (b) Gaussian noise, (c) t-distributed noise
with 2.5 degrees of freedom, and (d) Gaussian-T mixture noise. Xc

t denotes the diffusive
component.

32



Figure 3: Distribution of the Test Statistics using an Infinite Jump Diffusion Process
with Different Types of Noise

(a) Xc
t +Xd

t (ut = 0)

(b) Xc
t +Xd

t + ut (Gaussian)

(c) Xc
t +Xd

t + ut (t-distributed, df = 2.5)

(d) Xc
t +Xd

t + ut (Gaussian-T Mixture)

Note: The figure plots the simulated distribution of the different tests under a infinite
jump diffusion process (equation (16) and β = 1.0) with (a) no noise, (b) Gaussian noise,
(c) t-distributed noise with 2.5 degrees of freedom, and (d) Gaussian-T mixture noise.
Xc

t and Xd
t denote the diffusive and pure jump components.
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Figure 4: SPY – Time Variation in Rejection Rates
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Note: The figure depicts the time variation in rejection rates predicted by a probit model with
a 6th order polynomial in time. The left (right) y-axis of each subplot denotes the probability
of rejection over time for the ASJ (robustified PZ test).
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Figure 5: Individual Stocks – Time Variation in Rejection Rates

Note: The figure depicts the time variation in rejection rates predicted by a probit model with
a 6th order polynomial in time. The left (right) y-axis of each subplot denotes the probability
of rejection over time for the ASJ (robustified PZ test).
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Table 1: Monte Carlo Rejection Rates under a Diffusion Process

⌊1/∆n⌋ 4,680 780 390 260 4,680 780 390 260

No Noise Gaussian Noise

Tt 0.028 0.032 0.035 0.038 0.003 0.017 0.025 0.030

SJ
t 0.012 0.014 0.016 0.015 0.204 0.023 0.019 0.019

SJnoise

t 0.010 0.009 0.007 0.008 0.010 0.008 0.007 0.009

SSIA
t 0.999 0.971 0.940 0.922 0.850 0.977 0.947 0.926

t-distributed Noise Gaussian-T Mixture Noise

Tt 0.005 0.014 0.019 0.024 0.000 0.004 0.009 0.012

SJ
t 1.000 0.744 0.307 0.163 1.000 0.878 0.388 0.204

SJnoise

t 0.010 0.009 0.007 0.009 0.009 0.008 0.007 0.009

SSIA
t 0.285 0.687 0.912 0.925 0.662 0.817 0.917 0.927

Note: The table reports rejection rates across sampling frequencies for the

four test statistics outlined in Section 2.2. Under a diffusion process the

KLJ (Tt) and PZ (SJnoise

t , SJ
t ) tests report their empirical size, while the

ASJ test (SSIA
t ) reports its empirical power. ⌊1/∆n⌋ represents the number

of intraday observations per day and the significance level is θ = 0.01.
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Table 2: Monte Carlo Rejection Rates under a Finite Jump-Diffusion Process

⌊1/∆n⌋ 4,680 780 390 260 4,680 780 390 260

No Noise Gaussian Noise

Tt 0.028 0.030 0.032 0.035 0.003 0.016 0.023 0.027

SJ
t 1.000 1.000 1.000 0.999 1.000 1.000 1.000 0.999

SJnoise

t 0.995 0.971 0.956 0.928 0.995 0.971 0.943 0.910

SSIA
t 0.999 0.964 0.936 0.916 0.795 0.954 0.937 0.920

T-Distributed Noise Gaussian-T Mixture Noise

Tt 0.004 0.014 0.019 0.021 0.000 0.004 0.008 0.011

SJ
t 1.000 1.000 1.000 0.999 1.000 1.000 1.000 0.999

SJnoise

t 0.995 0.971 0.955 0.928 0.993 0.963 0.945 0.908

SSIA
t 0.286 0.684 0.908 0.910 0.560 0.762 0.899 0.908

Note: The table reports rejection rates across sampling frequencies for the

four test statistics outlined in Section 2.2. Under a finite-jump diffusion

process the KLJ test (Tt) reports its empirical size, while the PZ (SJnoise

t , SJ
t )

and the ASJ (SSIA
t ) tests report their empirical power. ⌊1/∆n⌋ represents

the number of intraday observations per day and the significance level is

θ = 0.01.
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Table 3: Monte Carlo Rejection Rates under an Infinite Jump-Diffusion Process

⌊1/∆n⌋ 4,680 780 390 260 4,680 780 390 260

No Noise Gaussian Noise

β = 1.00

Tt 0.017 0.013 0.013 0.012 0.003 0.010 0.011 0.012

SJ
t 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

SJnoise

t 1.000 0.995 0.986 0.977 1.000 0.995 0.987 0.977

SSIA
t 0.010 0.015 0.025 0.032 0.018 0.016 0.028 0.039

β = 1.25

Tt 0.012 0.011 0.011 0.011 0.003 0.010 0.010 0.010

SJ
t 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

SJnoise

t 0.999 0.985 0.968 0.950 0.999 0.985 0.968 0.950

SSIA
t 0.010 0.014 0.023 0.038 0.020 0.023 0.026 0.049

β = 1.50

Tt 0.009 0.004 0.002 0.001 0.001 0.002 0.002 0.001

SJ
t 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

SJnoise

t 0.990 0.959 0.935 0.910 0.990 0.959 0.935 0.910

SSIA
t 0.025 0.036 0.049 0.068 0.142 0.047 0.040 0.042

t-distributed Noise Gaussian-T Mixture Noise

β = 1.00

Tt 0.004 0.010 0.011 0.010 0.000 0.004 0.007 0.008

SJ
t 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

SJnoise

t 1.000 0.994 0.987 0.977 1.000 0.995 0.987 0.977

SSIA
t 0.179 0.054 0.030 0.048 0.101 0.067 0.045 0.083

β = 1.25

Tt 0.002 0.008 0.009 0.009 0.000 0.003 0.005 0.007

SJ
t 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

SJnoise

t 0.999 0.984 0.969 0.949 0.999 0.984 0.969 0.950

SSIA
t 0.195 0.040 0.037 0.049 0.115 0.050 0.036 0.057

β = 1.50

Tt 0.000 0.001 0.001 0.001 0.000 0.000 0.000 0.000

SJ
t 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

SJnoise

t 0.992 0.960 0.909 0.909 0.992 0.960 0.908 0.910

SSIA
t 0.638 0.083 0.041 0.060 0.535 0.125 0.059 0.067

Note: The table reports rejection rates across sampling frequencies for the four test

statistics outlined in Section 2.2. Under an infinite-jump diffusion process the KLJ (Tt)

and ASJ (SSIA
t ) tests report their empirical size, while the PZ tests (SJnoise

t , SJ
t ) report

their empirical power. ⌊1/∆n⌋ represents the number of intraday observations per day,

β is the jump activity index, and the significance level is θ = 0.01.
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Table 4: Monte Carlo Rejection Rates under a Pure Jump Process

⌊1/∆n⌋ 4,680 780 390 260 4,680 780 390 260

No Noise Gaussian Noise

β = 1.00 0.999 0.980 0.942 0.939 0.984 0.976 0.938 0.937

β = 1.25 0.997 0.946 0.909 0.877 0.854 0.927 0.883 0.861

β = 1.50 0.994 0.901 0.880 0.809 0.307 0.836 0.814 0.764

T-Distributed Noise Mixture Noise

β = 1.00 0.578 0.942 0.927 0.920 0.211 0.883 0.914 0.892

β = 1.25 0.283 0.825 0.816 0.851 0.037 0.646 0.743 0.814

β = 1.50 0.109 0.598 0.666 0.748 0.007 0.265 0.505 0.678

Note: The table reports rejection rates across sampling frequencies for the

KLJ test. Under a pure jump process the KLJ test reports its empirical

power. ⌊1/∆n⌋ represents the number of intraday observations, β is the jump

activity index per day, and the significance level is θ = 0.01.
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Table 5: Empirical Test Rejections and Contribution to Total Variance by Sector

Panel A: Test Rejections Panel B: Components

SJnoise

n Sn Tn CT JT FJT IJT β̂

SPY 0.198 0.786 0.026 0.951 0.049 0.680 0.320 1.028

Consumer Discretionary 0.344 0.638 0.030 0.842 0.158 0.788 0.212 0.952

Consumer Staples 0.319 0.608 0.037 0.829 0.171 0.711 0.289 1.292

Energy 0.300 0.638 0.024 0.868 0.132 0.770 0.230 0.755

Financials 0.301 0.656 0.029 0.878 0.122 0.812 0.188 0.892

Healthcare 0.338 0.616 0.033 0.833 0.167 0.728 0.272 0.937

Industrials 0.327 0.638 0.030 0.865 0.135 0.706 0.294 0.955

Information Technology 0.299 0.664 0.029 0.899 0.101 0.769 0.231 0.813

Materials 0.332 0.636 0.023 0.849 0.151 0.767 0.233 0.950

Telecommunications 0.319 0.636 0.026 0.834 0.166 0.779 0.221 1.089

Utilities 0.330 0.608 0.031 0.797 0.203 0.744 0.256 1.277

Sector Average 0.321 0.634 0.029 0.849 0.151 0.757 0.243 0.991

Note: The table reports in two panels the rejection rates and the contribution of the continuous and

discontinuous part to total variance estimated as B (2,∞,∆n)t. Panel A presents the number of

rejections for each test, which is standardized by the total number of days in the sample data. The

rejection rate is the average across the 10 stocks of each sector. Panel B depicts the contribution

of the continuous and discontinuous part to total variance, as well as the contribution of finite

and infinite activity jumps to the total jump component, JT . β̂ is an estimate of the Blumenthal-

Getoor index as in Jing et al. (2012b). Ct = B (2,∞,∆n)t ·1(nojumps)+B (2, νn,∆n)t ·1(jumps).

Jt = B (2,∞,∆n)t − Ct. Hence, CT =
∑

t∈(0,T ] Ct∑
t∈(0,T ] Ct+Jt

and JT =
∑

t∈(0,T ] Jt∑
t∈(0,T ] Ct+Jt

. The contribution of

finite and infinite jumps to the total jump component are obtained as FJt = Jt · 1(finite jumps)

and IJt = Jt · 1(infinite jumps). Thus, FJT =
∑

t∈(0,T ] FJt∑
t∈(0,T ] Jt

and IJT =
∑

t∈(0,T ] IJt∑
t∈(0,T ] Jt
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Table 6: Empirical Rejection Rates and Contribution to Total Variance Classified by
Market Capitalization and Sector

Panel A: Rejections Panel B: Components

SJ
n Sn Tn CT JT FJT IJT

Big Market Cap Companies

Consumer Discretionary 0.330 0.645 0.034 0.861 0.139 0.760 0.240

Consumer Staples 0.304 0.618 0.047 0.863 0.137 0.724 0.276

Energy 0.277 0.651 0.027 0.889 0.111 0.764 0.236

Financials 0.289 0.684 0.026 0.894 0.106 0.843 0.157

Healthcare 0.325 0.621 0.037 0.855 0.145 0.688 0.312

Industrials 0.325 0.634 0.034 0.872 0.128 0.691 0.309

Information Technology 0.289 0.680 0.031 0.913 0.087 0.753 0.247

Materials 0.334 0.629 0.022 0.835 0.165 0.768 0.232

Telecommunications 0.323 0.607 0.034 0.830 0.170 0.778 0.222

Utilities 0.320 0.616 0.033 0.845 0.155 0.712 0.288

Sector Average 0.312 0.640 0.033 0.866 0.134 0.748 0.252

Small Market Cap Companies

Consumer Discretionary 0.359 0.632 0.025 0.824 0.176 0.816 0.184

Consumer Staples 0.335 0.599 0.027 0.794 0.206 0.699 0.301

Energy 0.323 0.624 0.020 0.847 0.153 0.776 0.224

Financials 0.314 0.629 0.033 0.863 0.137 0.780 0.220

Healthcare 0.352 0.611 0.029 0.812 0.188 0.769 0.231

Industrials 0.328 0.642 0.025 0.858 0.142 0.720 0.280

Information Technology 0.308 0.648 0.028 0.886 0.114 0.785 0.215

Materials 0.329 0.644 0.023 0.863 0.137 0.767 0.233

Telecommunications 0.315 0.665 0.018 0.839 0.161 0.781 0.219

Utilities 0.340 0.601 0.029 0.749 0.251 0.777 0.223

Sector Average 0.330 0.630 0.026 0.834 0.167 0.767 0.233

Note: See Notes to Table 5. The top (bottom) panel reports the results for the biggest

(smallest) 5 companies of each sector selected by market capitalization.
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