
Supplement to
Generalized Jump Regressions for Local

Moments

Abstract

This supplement contains three appendices. Section S.A contains the technical
assumptions and proofs for the theoretical results in the main paper. Section S.B
contains a Monte Carlo study. Section S.C contains additional empirical results.

1



S.A Technical assumptions and proofs

This appendix presents the technical details underlying our statistical inference procedures

discussed in Section 3. Section S.A.1 collects the regularity conditions. Section S.A.2

provides the proof of Theorem 3, which include Theorems 1 and 2 as special cases.

S.A.1 Assumptions

Assumption A1. (i) The price process P is defined by (1) on some filtered probability

space (Ω,F , (Ft)t≥0,P) for

Jt =

∫ t

0

ϕsdNs +

∫ t

0

∫
R
δ(s, z)µ(ds, dz),

where the processes α and σ are càdlàg (i.e., right continuous with left limit) and adapted;

the process ϕ is predictable and locally bounded; N is a counting process that jumps at the

scheduled announcement times which are specified by the set T ; δ is a predictable function;

µ is a Poisson random measure with compensator ν(ds, dz) = ds ⊗ λ(dz) for some finite

measure λ.

(ii) The process V satisfies (3). The state process ζ is càdlàg and adapted. The error

terms (εi) take values in some Polish space, are defined on an extension of (Ω,F), i.i.d.

and independent of F .

(iii) For a sequence of stopping times (Tm)m≥1 increasing to infinity and constants

(Km)m≥1, we have E ‖σt∧Tm − σs∧Tm‖
2 + E ‖ζt∧Tm − ζs∧Tm‖

2 ≤ Km|t − s| for all t, s such

that [s, t] ∩ T = ∅.

(iv) The process X is adapted.

Assumption A1 is fairly standard in the study of high-frequency data. Condition (i)

allows the price process to contain jumps at both scheduled times and random times.
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Condition (ii) separates the conditional i.i.d. shocks (εi) at observation times from the

latent continuous-time state process (ζt). This condition only mildly restricts the V series,

which can still exhibit essentially unrestricted conditional and unconditional heterogeneity

through the (typically highly persistent) time-varying state process (ζt). Condition (iii) im-

poses a mild smoothness condition on σ and ζ only in expectation, while allowing for general

forms of jumps in their sample paths. This condition is satisfied for any semimartingales

with absolutely continuous predictable characteristics (possibly with discontinuity points

in T ) and for long-memory type processes driven by the fractional Brownian motion.

In addition, we need the following conditions for the nonparametric analysis, where we

denote Mq (·) ≡
∫
V (·, ε)q Fε (dε) for q ≥ 1.

Assumption A2. kn →∞ and k2
n∆n → 0.

Assumption A3. The function M1(·) is Lipschitz on compact sets and the functions M2(·)

and M4(·) are continuous.

Assumption A2 specifies the growth rate of the local window size kn. As typical in non-

parametric analysis, this condition features a type of undersmoothing (i.e., kn � ∆
−1/2
n ),

so as to permit feasible inference. Assumption A3 imposes some smoothness conditions

that are very mild.

S.A.2 Proofs of main results

We note that Theorems 1 and 2 are special cases of Theorem 3 with the control group

being empty. Hence, it suffices to prove Theorem 3. Below, we denote A ≡ T ∪ (∪τ∈T C (τ)),

which collects all times for announcements and associated control groups. In the setting of

Theorems 1 and 2, C (τ) = ∅ and A = T .
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Proof of Theorem 3(a). Denote

ξ̂τ ≡ k1/2
n

[
G
(

(m̂t−, m̂t, ĉt−, ĉt)t∈{τ}∪C(τ)

)
−G

(
(mt−,mt, ct−, ct)t∈{τ}∪C(τ)

)]
,

ξ̂′k,τ ≡ k1/2
n

[
Hk

(
(m̂t−, m̂t, ĉt−, ĉt)t∈{τ}∪C(τ)

)
−Hk

(
(mt−,mt, ct−, ct)t∈{τ}∪C(τ)

)]
.

By Theorem 1 in [5],

k1/2
n (m̂τ− −mτ−, m̂τ+ −mτ , ĉτ− − cτ−, ĉτ+ − cτ )τ∈A

L-s−→ (ητ )τ∈A = (ηm,τ−, ηm,τ−, ηc,τ−, ηc,τ+)τ∈A ,

where
L-s−→ denotes stable convergence in law. By the delta method, we further have

(ξ̂τ , (ξ̂
′
k,τ )1≤k≤K)τ∈A

L-s−→
(
ξ̃τ , (ξ̃

′
k,τ )1≤k≤K

)
τ∈A

.

Recall that, at the true parameter value,

G
(

(mt−,mt, ct−, ct)t∈{τ}∪C(τ)

)
=

K∑
k=1

θ>0,kXk,τHk

(
(mt−,mt, ct−, ct)t∈{τ}∪C(τ)

)
.

Hence,

G
(

(m̂t−, m̂t, ĉt−, ĉt)t∈{τ}∪C(τ)

)
−

K∑
k=1

(θ0,k + k−1/2
n hk)

>Xk,τHk

(
(m̂t−, m̂t, ĉt−, ĉt)t∈{τ}∪C(τ)

)
= G

(
(mt−,mt, ct−, ct)t∈{τ}∪C(τ)

)
+ k−1/2

n ξ̂τ

−
K∑
k=1

(θ0,k + k−1/2
n hk)

>Xk,τHk

(
(mt−,mt, ct−, ct)t∈{τ}∪C(τ)

)
−

K∑
k=1

(θ0,k + k−1/2
n hk)

>Xk,τk
−1/2
n ξ̂′k,τ

= k−1/2
n

(
ξ̂τ −

K∑
k=1

θ0,kXk,τ ξ̂
′
k,τ −

K∑
k=1

h>kXk,τHk

(
(mt−,mt, ct−, ct)t∈{τ}∪C(τ)

)
+ op(1)

)
.
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In view of the property that L(cx) = |c|p L(x), we further deduce

M̃n(h) =
∑
τ∈T

L

(
ξ̂τ −

K∑
k=1

θ>0,kXk,τ ξ̂
′
k,τ −

K∑
k=1

h>kXk,τHk

(
(mt−,mt, ct−, ct)t∈{τ}∪C(τ)

)
+ op(1)

)
.

Since L(·) is convex, it is necessarily continuous. Therefore, by the continuous mapping the-

orem, we deduce that for anym ≥ 1 and h(1), . . . ,h(m), the variables (M̃n(h(1)), . . . , M̃n(h(m)))

converges stably in law to (M̃(h(1)), . . . , M̃(h(m))).

Fix any bounded F -measurable random variable U . Given the finite-dimensional con-

vergence above, there exists a probability space, on which processes M̄n(·) and M̄(·) and

variable Ū are defined, such that (M̄n(·), M̄(·), Ū) has the same finite-dimensional distri-

butions as (M̃n(·), M̃(·), U) and M̄n(h)→ M̄(h) almost surely. Let

h̄n = argmin
h

M̄n(h), h̄ = argmin
h

M̄(h).

Since M̃n(·) is convex, we can use the same argument as in Lemma A of [8] to deduce that

(h̄n, Ū) → (h̄, Ū) almost surely. This further implies that (h̃n, U) converges to (h̃, U) in

law. Since U is arbitrary, we deduce that h̃n converges stably in law to h̃. �

Proof of Theorem 3(b). Denote G ≡ F ∨ σ(εi : i ≥ 0). Below, we denote

ξ̂∗τ ≡ k1/2
n

[
G
((
m̂∗t−, m̂

∗
t+, ĉ

∗
t−, ĉ

∗
t+

)
t∈{τ}∪C(τ)

)
−G

(
(m̂t−, m̂t+, ĉt−, ĉt+)t∈{τ}∪C(τ)

)]
,

ξ̂′∗k,τ ≡ k1/2
n

[
Hk

((
m̂∗t−, m̂

∗
t+, ĉ

∗
t−, ĉ

∗
t+

)
t∈{τ}∪C(τ)

)
−Hk

(
(m̂t−, m̂t+, ĉt−, ĉt+)t∈{τ}∪C(τ)

)]
.

By Theorem 1(b) in [5],

k1/2
n

(
m̂∗τ− − m̂τ−, m̂

∗
τ+ − m̂τ+, ĉ

∗
τ− − ĉτ−, ĉ∗τ+ − ĉτ+

)
τ∈A

L|G−→ (ηm,τ−, ηm,τ+, ηc,τ−, ηc,τ+)τ∈A,

where
L|G−→ denotes the convergence in probability of the G-conditional distribution functions

under the uniform metric. Consequently, by the delta method,

(ξ̂∗τ , (ξ̂
′∗
k,τ )1≤k≤K)τ∈A

L|G−→ (ξ̃τ , (ξ̃
′
k,τ )1≤k≤K)τ∈A.
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We now note that

G(S̃
∗
τ )− ε̃τ −

K∑
k=1

θ>kXk,τHk(S̃
∗
τ )

= G(S̃
∗
τ )−G(S̃τ ) +

K∑
k=1

θ̃
>
kXk,τ

(
Hk(S̃

∗
τ )− k−1/2

n ξ̂′∗k,τ

)
−

K∑
k=1

θ>kXk,τHk(S̃
∗
τ )

= k−1/2
n ξ̂∗τ − k−1/2

n

K∑
k=1

θ̃
>
kXk,τ ξ̂

′∗
k,τ −

K∑
k=1

(θk − θ̃k)>Xk,τHk(S̃
∗
τ ).

Furthermore, with the reparameterization θk = θ̃k + k
−1/2
n hk, we can rewrite the above as

k−1/2
n

(
ξ̂∗τ −

K∑
k=1

θ̃
>
kXk,τ ξ̂

′∗
k,τ −

K∑
k=1

h>kXk,τHk(S̃
∗
τ )

)
.

Consider the reparameterized objective function M̃∗
n(h) = k

p/2
n Q̃∗n(θ̃n + k

−1/2
n h). From the

derivation above, we see that M̃∗
n(h) can be rewritten as

M̃∗
n (h) =

∑
τ∈T

L

(
ξ̂∗τ −

K∑
k=1

θ̃
>
kXk,τ ξ̂

′∗
k,τ −

K∑
k=1

h>kXk,τHk(S̃
∗
τ )

)
.

We now show that M̃∗
n(h)

L|G−→ M̃(h) for any fixed h. Consider any subsequence N1 ⊆ N.

Since θ̃n
P−→ θ0 and (ξ̂∗τ , (ξ̂

′∗
k,τ )1≤k≤K)τ∈A

L|G−→ (ξ̃τ , (ξ̃
′
k,τ )1≤k≤K)τ∈A, there exists a further

subsequence N2 ⊆ N1 such that, along N2, θ̃n → θ0 and the G-conditional distribution

of (ξ̂∗τ , (ξ̂
′∗
k,τ )1≤k≤K)τ∈A converges to that of (ξ̃τ , (ξ̃

′
k,τ )1≤k≤K)τ∈A almost surely. On each

path with these convergences, we also see that Hk(S̃
∗
τ )

P−→ Hk((mt−,mt, ct−, ct)t∈{τ}∪C(τ))

under the transition probability conditionally on G. Hence, by the continuous mapping

theorem, we deduce that the G-conditional distribution of M̃∗
n (h) converges to that of

M̃(h) almost surely along N2. By another use of the subsequence argument, we see that

M̃∗
n(h)

L|G−→ M̃(h) as wanted.

It is easy to extend M̃∗
n(h)

L|G−→ M̃(h) to a joint convergence on finite-dimensions. By

Lemma A of [8], we deduce that k
1/2
n (θ̃

∗
n − θ̃n)

L|G−→ h̃. The assertions concerning the
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coverage rates of the confidence intervals readily follows from this convergence and the

symmetry of the conditional distribution of h̃. �

S.B Monte Carlo study

This section discusses the results from a Monte Carlo simulation study designed to assess

the finite sample behavior of the new estimators and bootstrap inference procedures in an

empirically realistic setting that closely mimic our actual empirical analysis. For concrete-

ness, we focus on the estimation of the volume-volatility elasticity as in Section 4.2 of the

main text. We begin by describing the data generating process.

S.B.1 Data generating process

We normalize the unit of time to be one day, and set the total span of the sample to 2, 500

days. The log price and stochastic volatility processes are then simulated according to the

following stochastic differential equations,

dPt = σtdWt + ϕP,tdNt,

d log(σt) = −0.03 log(σt)dt+ 0.1
(
ρdWt +

√
1− ρ2dBt

)
+ ϕσ,tdNt,

where Wt and Bt are independent standard Brownian motions, ρ = −0.6 accounts for

the widely documented “leverage effect” (see, e.g., [11], [6], [1]), and the jump sizes

when a jump occurs (i.e., dNt = 1) are drawn according to ϕP,t ∼Uniform[−1, 1] and

ϕσ,t ∼Uniform[0.25, 2], respectively. The occurrences of jumps in turn are determined

by simulating 100 equally-spaced announcement times over the sample, with Nt denot-

ing the counting process for the total number of jumps within the [0, t] time interval. The

continuous-time model is approximated using an Euler scheme on a 5-second grid, and then
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aggregated to a ∆n = 1 minute sampling interval, paralleling the discrete-time sampling in

our actual empirical applications.

Our analysis and new estimation procedures only involve data in local windows before

and after the announcement times, or τ ∈ T , corresponding to dNt = 1 in the above

notation. We simulate the log volume intensity in the relevant local windows according to,

log(mi∆n) = 7 + (0.7− 0.06Xτ ) ·∆−1
n

∫ i∆n

(i−1)∆n

log(σs)ds, i∆n ∈ [τ − kn∆n, τ),

log(mi∆n) = 7.8 + (0.7− 0.06Xτ ) ·∆−1
n

∫ i∆n

(i−1)∆n

log(σs)ds, i∆n ∈ [τ, τ + kn∆n],

where the parameters are calibrated using data from our empirical analysis. We rely on the

same Xτ disagreement measure used in our empirical analysis, defined as the dispersion in

the survey of professional forecasters for the one-quarter-ahead unemployment rate. Finally,

the volume data that actually enters the estimation is simulated as,

Vi∆n = V (mi∆n , εi) = mi∆nεi,

where εi = ε̃i/df , and ε̃i are i.i.d. draws from a chi-square distribution with df ∈ {10, 30}

degrees-of-freedom. Note that even though the simulated Vi∆n series is conditionally inde-

pendent given m, it is unconditionally serially correlated. In fact, the specific choices of

df = 10 and 30 are purposely calibrated so that the range of the autocorrelations for the

simulated volume series bracket those observed in the actual volume data.

Altogether, this simulation setup implies that the log volume intensity and log volatility

jumps around announcement times satisfy the following relation,

∆ log(mτ ) = θ1 + (θ2 + θ3Xτ ) ∆ log(στ ),

with the true value of θ = (θ1, θ2, θ3) being (0.8, 0.7,−0.06). Since the specific value of θ1

is of little economic interest, we focus on the performance of the new statistical procedures
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for making valid inference about the θ2 and θ3 parameters that characterize the volume-

volatility elasticity.

S.B.2 Simulation results

We report the results for both least-square regression estimates (corresponding to a quadratic

loss function) and q-quantile regression estimates with q ∈ {0.1, 0.25, 0.5, 0.75, 0.9} (cor-

responding to a lin-lin loss function, L(x) = x(q − 1{x<0})). In addition to the θ2 and θ3

parameter estimates, we also compute the 90% and 95% level two-sided symmetric con-

fidence intervals (CI) based on the bootstrap Algorithm 1, along with the bias-corrected

versions thereof. In line with [5], and the actual empirical application discussed below,

we fix the local window parameter kn = 30 for all of the estimates, corresponding to half

an hour before and after each announcement. In results not presented here, we find that

varying the window kn between 25 to 35 has little impact on the simulation results. Table

1 (resp. Table 2) reports the results where the εi shocks are drawn from a scaled chi-square

distribution with df = 10 (resp. df = 30) degrees-of-freedom. Both of the tables are based

on a total of 1,000 Monte Carlo replications.

We begin our discussion with Table 1, pertaining to df = 10 and the more weakly

autocorrelated trading volume process. Looking first at the results in Panel A for the

estimates of θ2, we find that the coverage rates of the CIs associated with the uncorrected

estimators (reported in the left part of the table) are all close to, albeit mostly slightly

below, the corresponding nominal levels. At the same time, the relative biases in the

uncorrected estimates are nontrivial. By contrast, the bootstrap bias-correction (reported

in the right part of the table) substantially reduces the relative bias from roughly -10% to

just -2%. (Examining the higher order bias in the bias-corrected estimator remains to be

an open question.) The bias correction generally also improves the size of the CIs.
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Table 1: Monte Carlo Simulation Results: Weakly Autocorrelated Trading Volume

Uncorrected Estimator Corrected Estimator

Bias RMSE 90% CI 95% CI Bias RMSE 90% CI 95% CI

Panel A: θ2

Least-square -10% 0.079 83% 88% -2% 0.048 87% 91%

q = 0.10 -12% 0.108 86% 91% -3% 0.083 88% 93%

q = 0.25 -10% 0.091 85% 90% -2% 0.063 87% 92%

q = 0.50 -9% 0.083 85% 90% -2% 0.058 88% 92%

q = 0.75 -8% 0.083 85% 90% -2% 0.062 87% 92%

q = 0.90 -7% 0.090 88% 93% -2% 0.076 91% 94%

Panel B: θ3

Least-square -2% 0.012 94% 96% 0% 0.012 92% 95%

q = 0.10 -12% 0.021 94% 97% -2% 0.022 91% 96%

q = 0.25 -6% 0.016 94% 97% 0% 0.017 91% 96%

q = 0.50 -1% 0.015 93% 96% 1% 0.015 91% 96%

q = 0.75 3% 0.017 92% 96% 0% 0.016 92% 96%

q = 0.90 8% 0.022 93% 96% 0% 0.020 93% 97%

Note: This table reports the relative bias (Bias), root mean squared error (RMSE) and the

coverage rates for 90% and 95% confidence intervals (CI) for the elasticity slope parameters

θ2 (Panel A) and θ3 (Panel B) in the specification ̂∆ log(mτ ) = θ1+(θ2+θ3Xτ ) ̂∆ log(στ )+eτ .

The results are based on a total of 1,000 Monte Carlo replications. The local window used

in the estimation is fixed at kn = 30. The degrees-of-freedom in the chi-square distribution

for ε̃i is set to df = 10. The number of bootstrap resampling is 1,000. Results for the

uncorrected and bias-corrected procedures are reported in the left and right set of columns,

respectively. The rows labeled least-square report the least-squares regression estimates.

The rows labeled q = 0.10, ..., 0.90 report the corresponding quantile-regression estimates.
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Table 2: Monte Carlo Simulation Results: Strongly Autocorrelated Trading Volume

Uncorrected Estimator Corrected Estimator

Bias RMSE 90% CI 95% CI Bias RMSE 90% CI 95% CI

Panel A: θ2

Least-square -10% 0.075 77% 82% -2% 0.040 81% 87%

q = 0.10 -12% 0.103 82% 87% -3% 0.067 85% 90%

q = 0.25 -11% 0.089 78% 85% -3% 0.053 82% 88%

q = 0.50 -10% 0.078 80% 85% -2% 0.046 83% 89%

q = 0.75 -8% 0.072 83% 88% -2% 0.049 86% 91%

q = 0.90 -7% 0.074 87% 91% -2% 0.058 89% 94%

Panel B: θ3

Least-square -2% 0.009 92% 95% 0% 0.010 89% 94%

q = 0.10 -16% 0.019 90% 94% -4% 0.019 87% 92%

q = 0.25 -9% 0.014 90% 94% -2% 0.014 87% 93%

q = 0.50 -2% 0.011 93% 96% -1% 0.012 92% 94%

q = 0.75 5% 0.013 92% 96% 1% 0.012 92% 96%

q = 0.90 11% 0.017 94% 97% 0% 0.014 95% 98%

Note: This table reports the relative bias (Bias), root mean squared error (RMSE) and the

coverage rates for 90% and 95% confidence intervals (CI) for the elasticity slope parameters

θ2 (Panel A) and θ3 (Panel B) in the specification ̂∆ log(mτ ) = θ1+(θ2+θ3Xτ ) ̂∆ log(στ )+eτ .

The results are based on a total of 1,000 Monte Carlo replications. The local window used

in the estimation is fixed at kn = 30. The degrees-of-freedom in the chi-square distribution

for ε̃i is set to df = 30. The number of bootstrap resampling is 1,000. Results for the

uncorrected and bias-corrected procedures are reported in the left and right set of columns,

respectively. The rows labeled least-square report the least-squares regression estimates.

The rows labeled q = 0.10, ..., 0.90 report the corresponding quantile-regression estimates.
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Turning to Panel B and the estimates for the θ3 parameter, the results again indicate

quite good coverage properties of the CIs, although the intervals now appear to be somewhat

conservative. The relative biases for the θ3 parameter are generally smaller than for the θ2

parameter, but sill quite large for some of the more extreme uncorrected quantile estimates.

Meanwhile, the corrected estimates are effectively all unbiased. Interestingly, the relative

biases for the uncorrected least-square and median (q = 0.5) regressions are both close to

zero, even without any bias-correction, suggesting that finite-sample bias is not a major

concern for properly assessing the “central” dependency of the slope coefficient on other

covariates.

The results in Table 2 for df = 30 and the more persistent volume process are fairly

similar to those in Table 1. Again, we find that the bootstrap method effectively reduces the

finite sample biases, and that the coverage rates of the CIs are close to the corresponding

nominal levels. The θ2 coefficients have slightly larger size distortions in this situation, but

the CIs for the θ3 coefficients still exhibit quite good coverage properties.

All-in-all, the Monte Carlo results clearly underscore the reliability of the new estima-

tion method and accompanying bootstrap inference procedures in a realistically calibrated

simulation setting. In particular, the bootstrap-based bias correction is quite effective in

reducing the finite-sample bias for all of the estimators. In additional simulations not pre-

sented here, we further verify that the bias is indeed a finite-sample issue, as it becomes

much smaller for data sampled at higher frequencies.

S.C Additional empirical results

In this section, we present some additional empirical results, which also appeared in the

working paper version of the main paper.
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S.C.1 Volatility and volume intensity jumps

Table 3 reports the estimates for the average jump sizes (in log) of the spot volatility

and volume intensity at FOMC and NFP news announcement times. To highlight the

importance of the DID method, we report results both with and without the use of a

control group. More specifically, we estimate the jumps according to equations (12) and (20)

with the 22 non-announcement days immediately preceding each of the announcements as

controls, and regress the resulting jump estimates on a constant term in order to determine

the average jump sizes. The standard errors (reported in parentheses) are computed from

1,000 bootstrap resamples using Algorithms 1 and 2 for the no-DID and DID estimates,

respectively. We set the local window kn = 30 throughout.

The evidence for jumps at announcement times is ubiquitous. Not only are the jumps

statistically significant, they are also economically large. Using the DID method, the aver-

age (log) jump sizes around FOMC announcements equal 1.539 and 1.001 for the volume

intensity and spot volatility processes, respectively, while for the NFP announcements the

average jump sizes equal 1.258 and 0.632, respectively. This corroborates the idea that

investors do indeed update their beliefs in a discrete manner upon receiving the new in-

formation embodied in these two important announcements (see [7] and [10] for additional

economic discussion and justification). Interestingly, the generally positive spot volatility

jumps at the times of the news arrivals documented here, contrast with the decline in the

longer-run options implied volatilities around FOMC announcements recently documented

by [2]. Taken together, this points to an interesting term structure in the volatility along

with differential pricing of the different dynamically dependent volatility components.

The results in Table 3 also clearly underscore the need for the DID adjustment. The

“raw” (i.e., no-DID) jump estimates are both slightly higher than the DID estimates for

the FOMC announcements, and substantially more so for the NFP announcements. This
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Table 3: Average Volatility and Volume Intensity Jumps

Events FOMC NFP FOMC NFP

No-DID DID

Log Spot Volatility 1.052 0.718 1.001 0.632

(0.026) (0.021) (0.027) (0.022)

Log Volume Intensity 1.649 1.562 1.539 1.258

(0.019) (0.019) (0.020) (0.019)

Note: This table reports the average jump sizes for the spot volatility and volume intensity

around FOMC and non-farm payroll (NFP) announcement times. The standard errors

in parentheses are obtained via the boostrap Algorithms 1 and 2 by regressing the no-

DID and DID jump estimates on a constant term, using 1,000 bootstrap replications.

The control groups consists of the 22 non-announcement days immediately preceding each

announcement.

reflects the relatively strong intraday upward trend in both trading volume and volatility

around 8:30am when the NFP is announced, whereas the intraday patterns are fairly “flat”

around 2:15pm and FOMC announcement times. In view of these nontrivial biases, we will

rely exclusively on the DID method in our subsequent empirical investigations.

S.C.2 Announcement surprise and jumps

The estimates in Table 3 show that the spot volatility and volume intensity both typically

jump upwards at announcement times. This naturally raises the question of whether the
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sizes of the jumps are related to investors’ surprises about the news. Along these lines,

[9] have recently analyzed the relationship between price jumps and news announcement

surprises, as measured by the differences between the actual announcements and investors’

pre-announcement expectations (see also the earlier work by [3], [4]). Here we go one step

further and use the proposed new methods to investigate how the volatility and volume

jumps depend on the magnitude of the announcement surprises. More precisely, we consider

the model,

˜∆ log (Yτ ) = θ1 + θ2Xτ + eτ , (C.1)

where the left-hand side of the equation denotes the DID estimate of the jumps at an-

nouncement time τ in either the spot volatility or the volume intensity, and Xτ represents

some proxy for the announcement surprise.

Following the extant literature (the recent study by [9] included), we measure the an-

nouncement surprise as the difference between the actual announcement and the median

forecast among the survey of professional forecasters, as reported by Bloomberg. To allow

for easy interpretation, we further normalize this variable using its sample standard devi-

ation, and take the absolute value as our measure for the magnitude of the announcement

surprise (this same normalization has also previously been used by many other studies,

see, e.g., [3]). Since a nontrivial part of our sample consist of the zero-lower-bound period

(for the federal funds rate), the surprise in the announced interest rate is trivially zero

during that time. As such, this renders the measured surprise in the announced interest

rate a mute measure for the actual surprise in the FOMC statement (in addition to the rate

itself, the FOMC statement also contains more general monetary policy announcements,

including the possible use of other policy instruments). Hence, following [9] we exclude the

FOMC announcement jumps from this part of our analysis, and focus exclusively on the

impact of the surprises in the nonfarm payroll (NFP) employment reports and the jumps
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observed at those times.

Figure 1 plots the resulting least-square and quantile-regression estimates for the θ2 co-

efficient that measures the sensitivity of the NFP jumps to the NFP surprises, along with

their 90% confidence intervals. Looking at the left panel and the results for the volatility

jumps, we find the least-square θ2 estimate −0.038 to be very close to zero and statistically

insignificant. This finding suggests that, while the volatility jumps observed at NFP an-

nouncement times are sizable, the magnitude of the jumps does not typically depend on the

magnitude of the surprises. Of course, this could possibly reflect heterogeneous responses

across announcements that happen to be “averaged out” in the least-square estimation.

However, the richer quantile-regression estimates rule out this possibility, revealing a gen-

erally insignificant relation across all quantiles. This finding is both new and interesting.

In sharp contrast, the right panel in Figure 1 reveals a highly significant relationship be-

tween the volume intensity jumps and the surprise variable. The least-square estimate for

the θ2 coefficient implies that a one-standard deviation change in the (normalized) surprise

is associated with a 0.429 jump in the log volume intensity. The quantile-regression esti-

mates further corroborate this, and indicate a quite stable and robust positive relationship

between the volume intensity jumps and the level of the surprise across all quantiles. In

other words, it takes more trading to move the market from one equilibrium to another, if

the new equilibrium is “more unexpected.” Interestingly, however, the moves to the “more

unexpected” equilibria are generally not accompanied by an increase in the volatility.
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