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Information Flows and Stock Market Volatility

Chew Lian Chua and Sarantis Tsiaplias∗

Abstract

This study examines how news is distributed across stocks. A model is devel-

oped that categorizes a stock’s latent news into normal and non-normal news, and

allows both types of news to be filtered through to other stocks. This is achieved

by formulating a model that jointly incorporates a multivariate lognormal-Poisson

jump process (for non-normal news) and a multivariate GARCH process (for nor-

mal news), in addition to a news (or shock) transmission mechanism that allows the

shocks from both processes to impact inter-temporally on all stocks in the system.

The relationship between news and the expected volatility surface is explored and

a unique news impact surface is derived that depends on time, news magnitude and

news type. We find that the effect of non-normal news on volatility expectations

typically builds up before dissipating, with the news transmission mechanism effec-

tively crowding-out normal news and crowding-in non-normal news. Moreover, in

contrast to the standard approach for measuring leverage effects using asymmetric

GARCH models, we find that leverage effects stem predominantly from non-normal

news. Finally, we find that the capacity to identify positively or negatively corre-

lated stock returns is ambiguous in the short term, and depends heavily on the

behaviour of the non-normal news component.
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1. Introduction

Asset returns are primarily driven by the inter-relationship between the arrival of new

information and the underlying mechanism that processes this information into the as-

set price (Glosten and Milgrom, 1985; Andersen, 1996). This paper seeks to model

this mechanism in order to better understand the news transmission process, whether

the transmission process for non-normal or unusual news differs from that of normal or

‘typical’news, and how the normal and non-normal news of other stocks impact on a

given stock’s expected volatility. This is important in terms of better characterizing and

measuring financial volatility, and in improving our understanding of financial market

behaviour.

The link between volatility and information (or news) flows is well established, with

theory indicating that the volatility of an asset’s return is related to the flow of information

about the asset (Ross, 1989). In other words, an asset’s volatility can be used to glean

information about the impact of news on that asset. In this respect, a number of papers

consider the impact of information flows for financial assets and, in some cases, how an

asset’s own news can be decomposed into different news types (Campbell and Hentschel,

1992; Maheu and McCurdy, 2004; Chen and Ghysels, 2011; Patton and Verardo, 2012;

Giglio and Shue, 2014).

Further research is, however, required on the important issue of information cross-

overs and the inter-relationship between the information flows of sets of assets. In prac-

tice, the normal and non-normal news in univariate models is likely to reflect a combi-

nation of public and private news about the particular asset and other assets (Engle,

Hansen, and Lunde, 2012; Patton and Verardo, 2012); yet, it is typically not possible to

disentangle this complex web of information in order to examine how the (normal and

non-normal) information flows of other assets influence the volatility of a particular asset,

and to learn about the impact of an asset’s own normal news relative to the impact of

non-normal news from other assets.

We explore these issues by formulating and estimating a generalized model of news

transmission and by deriving an inter-temporal news impact surface that is able to express

an asset’s expected volatility in terms of its own normal and non-normal news and the

(normal and non-normal) news of other assets. The model jointly decomposes shocks

into those that can be explained by a multivariate lognormal-Poisson jump process and

a multivariate GARCH (mGARCH) process, and allows both shocks to be transmitted

across the asset space by reference to a news transmission factor. We follow Maheu

and McCurdy’s (2004) terminology in interpreting the shocks in the jump process as

reflecting non-normal news and the shocks in the GARCH process as reflecting normal

news.1 Accordingly, the news transmission mechanism filters both types of news and

1News can be about ‘real’events or nothing more than speculation (or noise) (see, further, DeLong
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disseminates them across the asset space such that the volatility of an asset is potentially

influenced by its own news and the normal and non-normal news of other assets.

The paper explores three particular features of asset returns, being: spillovers and

interdependencies between asset returns, volatility clustering and leverage effects (Boller-

slev, 1986; Engle and Kroner, 1995; Karolyi, 1995; Engle, 2002; Chen and Ghysels, 2011;

Kuhnen, 2015). In particular, we generalize the notion of a spillover by allowing both the

normal and non-normal news processes to have their own covariance structures. A news

transmission factor then acts as a conduit for filtering and disseminating normal and non-

normal news throughout the asset space. The model allows for two forms of multivariate

clustering (being clustering associated with both normal and non-normal information

flows), and complements the research on asymmetric effects by incorporating good versus

bad response asymmetries into the non-normal news process. This is achieved by condi-

tioning the jump intensities on the sign of the non-normal news, thereby allowing each

asset’s jump intensity to respond differently to negative non-normal news. The resulting

model is unique in allowing for two potential sources of leverage effects that can stem

from normal or non-normal news.

The paper also derives analytical news impact surfaces that are novel in explicitly

accounting for news heterogeneity in order to better understand the impact of information

flows on asset volatilities. The surfaces incorporate new features that are important in

determining the contemporaneous and inter-temporal information cross-overs between

assets and understanding how information flows generate the observed heteroscedasticity

and leptokurtosis of asset returns. In this respect, the expected volatility of an asset’s

return potentially responds to its own normal and non-normal news, and to the news of

other assets. Expected volatility is also influenced by whether the normal or non-normal

news is ‘good’or ‘bad’and this produces interesting results, particularly when ‘bad’news

from a set of assets results in lower volatility expectations for a second set of assets that

can therefore be treated as substitutes. To the best of our knowledge, this type of surface

is explored for the first time in this paper.

We apply our model to two US stock market datasets. The first represents stock re-

turns for four major technology stocks listed on the NASDAQ exchange (Apple, Google,

Intel and Microsoft) and is used to identify the impact of information flows for a set of fun-

damentally inter-related, well-known stocks issued by businesses that either compete with

each other on numerous fronts (eg. search engine platforms, operating systems, tablets

and smart phones, and software development) or are technologically inter-dependent (par-

ticularly in terms of the inter-dependence between software and hardware for both the

PC and tablet/smart-phone markets). We also look at the impact of news across differ-

ent segments of the universe of investable US stocks by considering the information flows

et al., 1990). Its characterisation as normal or non-normal is objective in that it is based on the impact
of the news rather than its factual or speculative basis.
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underpinning movement in the S&P 500, S&P (MidCap) 400 and the S&P (SmallCap)

600 indexes which account for about 90 per cent of US stock market capitalization.

The paper provides a number of significant new findings regarding the relationship

between news transmission and asset prices. We find that, in contrast to the standard

approach adopted for measuring leverage effects, such effects predominantly stem from

non-normal news and are driven by expectations regarding the probability of a jump.

In this respect, we observe that if the expected probability of non-normal news is close

to zero, the level of asymmetry in the response of expected volatility to (good or bad)

normal news declines substantially.

The empirical findings to date have also given rise to the stylized fact that large

shocks have a less persistent impact on expected volatility than normal shocks. Schwert

(1990), Engle and Mustafa (1992) and Maheu and McCurdy (2004) all find, perhaps

counter-intuitively, that the persistence effect on expected volatility from large shocks is

smaller than that of normal shocks. Although the theoretical justification for this result

is debatable, this empirical property is widely held to be correct. We provide evidence

that the opposite, in fact, holds, with the effect of normal news on expected volatility

dissipating at a faster pace than the effect of non-normal news. In particular, the effect

of non-normal news on volatility expectations often builds up before dissipating. We

show that this finding is intrinsically linked to information cross-overs, with the news

transmission mechanism playing an important role in effectively crowding-out normal

news and crowding-in non-normal news into the expected volatility equation.

Moreover, we find that the expected covariance surface between stock returns is rela-

tively flat (viz. the correlation between any pair of assets is relatively stable if we remove

non-normal news), but can change sharply with non-normal news. It is shown that the

notion of positively or negatively correlated stock returns is ambiguous in the short term,

with the sign of the expected correlation depending on the magnitude of non-normal

news. Importantly, the sign of the expected correlation between stocks does not appear

to vary with changes in normal news. However, the expected correlation for two stocks

that are normally positively correlated can switch from being positive to negative in the

presence of non-normal news. This has significant ramifications for determining whether

stocks are substitutes or complements.

Our results indicate that accounting for information spillovers is fundamental in de-

termining the expected volatility of an asset, and that the impact of information cross-

overs on expected volatility differs significantly across assets in a manner that is not

well explained by asset pricing theory. The findings therefore relate directly to the mea-

surement and management of financial risk but also have implications for hedging and

portfolio management purposes, particularly since they indicate that there is no need

to hedge against the normal news of other stocks. Instead, the benefits of hedging are

maximized by explicitly identifying stocks whose expected volatility declines in response

3
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to non-normal news associated with the stock for which insurance is being sought.

Finally, we corroborate the empirical performance of the model using an out-of-sample

forecasting exercise that compares the model’s volatility forecasts with those from a

set of alternative multivariate and univariate GARCH volatility models. We also limit

the out-of-sample volatility forecasting exercise to periods with high volatility and to

periods following a large negative return. In nearly all cases, the news transmission

model outperforms the alternative models.

This paper is organized as follows. Section 2 presents a generalized model of news

spillovers that can account for the transmission of normal and non-normal news in a

vector of asset returns. Section 2 also describes the news impact surfaces associated with

the news transmission model which are used to better understand the cross-sectional and

inter-temporal transmission of normal and non-normal news. Section 3 describes the

model estimation procedure, while Section 4 describes the technology stocks and S&P

index data used in this study. The results are presented in Section 5, with Section 6

evaluating the out-of-sample volatility forecasting performance of the model. Section 7

concludes the study.

2. A generalized model of news spillovers

Consider the following general process for asset returns yt ∈ RN

yt = BEnt−1|It−1 [ft−1] + ut + et (1)

where ut and et are innovations subject to E (ut|It−1) = E (et|It−1) = 0 and ut ⊥ et. It−1
is a σ-field representing information up to time t− 1 and contains {y1, y2, ..., yt−1}. B is

an (N ×M) matrix of coeffi cients.

The M < N -dimensional vector ft−1 acts as an unobserved news transmission mech-

anism. This mechanism depends on the unobserved asset-specific jump dynamics repre-

sented by the N -dimensional vector nt. The notation Ent−1|It−1 [ft−1] denotes the depen-

dence of ft−1 on the conditional jump dynamics nt−1|It−1. At each time period agents
form a set of conditional probabilities nt|It (these are denoted as p (nt|It) which is de-
scribed in Section 3). These probabilities are used as weights for ft|nt (being the value of

the news transmission factor given nt, see Eq. (12)) thereby yielding Ent|It [ft].

The use of this conditional expectation is important for a number of reasons. First, due

to the presence of jump dynamics, ft exhibits a path dependency issue whereby derivation

of the news transmission process at time t would otherwise require knowledge of the entire

history of nt up to time t. The reason for this is that we allow the news transmission factor

to depend on its past values. If {n1, n2, ..., nt} were observed then the derivation of ft
would be straightforward. Since the jump dynamics are unobserved, however, we observe
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a range of values of ft conditional on the possible values of {n1, n2, ..., nt}. This renders
the likelihood function intractable for any reasonable size t. The use of Ent−1|It−1 [ft−1]

follows Kim (1994) and avoids the intractability stemming from the adoption of ft−1
rather than its conditional expectation.

The vector ut represents unusual or non-normal news, whereas et represents normal

news. In line with Maheu and McCurdy (2004), normal news is assumed to produce

smooth changes in the conditional variance, whereas non-normal news is associated with

a jump in returns. Our approach is also consistent with Andersen (1996) who posits

the existence of two or more types of information arrival processes for stock prices and

volumes. We deliberately postpone any discussion on the distribution of ut and et.

The transmission mechanism is capable of transmitting normal and non-normal news

(et and ut respectively) across assets i,j irrespective of the conditional covariance be-

tween the innovations to the ith and jth assets, being cov(uit, ujt|It−1) + cov(eit, ejt|It−1).
Accordingly, news spillover between assets i and j can occur in three ways.

First, a non-zero covariance between eit and ejt whereby normal news for asset i

contemporaneously affects asset j. Similarly, a non-zero covariance between uit and ujt
implies that non-normal news for asset i contemporaneously affects asset j. Both these

forms of spillover are direct in the sense that they require a non-zero covariance between

the innovations to assets i and j.

The third spillover form accommodates the indirect spillover of news between assets i

and j via the news transmission mechanism. This form of transmission is not contingent

on any covariance between eit and ejt or uit and ujt and occurs intertemporally. Moreover,

it is consistent with the notion of cross-predictability, whereby the current return of

a stock predicts future returns of related stocks (Schlusche and Scherbina, 2015). In

this respect, if the normal and non-normal shocks associated with asset j at time t − 1

(being ej,t−1 and uj,t−1) are embedded into the kth transmission mechanism fkt, the

shocks will be transmitted to any asset with a non-zero exposure to fkt. Consequently,

if Bik 6= 0, the time t − 1 shocks ej,t−1 and uj,t−1 can be transmitted to the ith asset

at time t irrespective of any contemporaneous covariance between the innovations. The

mechanisms that facilitate these spillover forms are described in further detail below.

2.1 Accounting for non-normal news

We assume the following structure for non-normal news. In period t, the ith asset has

nit jumps where

nit ∼ Poisson(θit). (2)

A log-normal distribution is adopted for the jump intensities such that

θt ∼ LN (λt,Σ)
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where θt =
[
θ1t θ2t · · · θNt

]′
, λt =

[
λ1t λ2t · · · λNt

]′
and Σ is a positive-

definite variance-covariance matrix.

The non-normal news process therefore accommodates co-jumps which are known to

be important for the pricing of risk (Bandi and Reno, 2016; Li, Todorov and Tauchen,

2017). Furthermore, the co-jumps may be positively or negatively correlated. We do not

impose the restriction λit = λi thereby avoiding the assumption that the expected number

of jumps for asset i is necessarily time-invariant (see, further, Christoffersen, Jacobs and

Ornthanalai, 2012). Given the log-normal distribution of θit, we are also able to estimate

the model without imposing any positivity restrictions on λit.

We consider two types of jump sizes in the model. In the first case, we assume that

jump sizes are given by the vector N -vector µx and are therefore constant. In the second

case, we allow normal news to influence the jump size; particularly in terms of negative

normal news potentially resulting in a larger jump size in the following period. In this

case, the jump size at time t (conditional on It−1) is defined as

xt = µx +Ge∗t−1 (3)

where xt =
[
x1,t x2,t · · · xN,t

]′
, µx is the mean jump size, G is a diagonal matrix,

and e∗t−1 = Ent−1|It−1 [et−1] is the conditional expectation of normal news at time t − 1

after accounting for the jump dynamics nt−1|It−1. This expectation is derived in the same
manner as for Ent−1|It−1 [ft−1] and is described further in Section 3.

The non-normal news component ut is defined as the conditionally zero-mean process

ut = x̃t − E (x̃t|It−1) = (nt − λ∗t )� xt (4)

where x̃t = nt � xt and λ∗t =
[
λ∗1t λ∗2t · · · λ∗Nt

]′
.

The following autoregressive conditional parameterisation is adopted for λit

λit = ωi + ψiλi,t−1 + γi1ξi,t−1 + γi2ξ
−
i,t−1 (5)

ξi,t = E (nit|It)− λ∗it (6)

λ∗it = exp (λit + Σii/2) (7)

where ξ−i,t−1 is equal to ξi,t−1 if ξi,t−1 < 0 and zero otherwise, and Σii is the i, ith element

of Σ.

The parameter λ∗it is the conditional (on It−1) mean of nit such that the conditional

expectation of ξit is zero (see, further, Chan and Maheu, 2002).
2 The introduction of

ξ−i,t−1 into the conditional expectation of the log jump intensity allows us to estimate

2Since λ∗it is necessarily positive, we do not need to impose any positivity restriction on λit or on the
jump intensity parameters.
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the asymmetric impact of non-normal news on volatility. As such, it provides a natural

counterpart to the asymmetric component often incorporated in GARCH models and

allows us to identify asymmetric volatility effects induced by both normal and non-normal

news.

The conditional variance of nt is also related to λ
∗
t and is denoted by Σλ

t with individual

elements

Σλ
ii,t = λ∗2it × (exp (Σii)− 1) + λ∗it, i = 1, ..., N (8)

Σλ
ij,t = λ∗itλ

∗
jt × (exp (Σij)− 1) , i 6= j. (9)

2.2 Accounting for normal news

We assume that normal news et is conditionally multivariate normal, et|It−1 ∼ N(0N , Ht),

where 0N represents an N -dimensional vector of zeros. Since almost all positive definite

VEC-based volatility models can be represented using the BEKK representation (Engle

and Kroner, 1995), we adopt a BEKKmodel forHt. Given the preponderance of evidence

in support of a leverage effect, we also augment the BEKK form to account for leverage

effects stemming from normal news such that

Ht = A1 + A2e
∗
t−1e

∗′
t−1A

′
2 + A3Ht−1A

′
3 + A4e

∗−
t−1e

∗−′
t−1A

′
4 (10)

where e∗t−1 = Ent−1|It−1 [et−1] and A1, A2, A3 and A4 are N ×N matrices. A1 is estimated

as A∗1A
∗′
1 (with A

∗
1 being a lower diagonal matrix of rank N) to ensure it is always positive

definite.3 e∗−t−1 is a N -vector with ith element equal to e
∗
t−1 if e

∗
t−1 < 0 and zero otherwise.

Since the number of parameters in the BEKK representation increases sharply with

N , we follow Engle and Kroner (1995) for estimation purposes and adopt the diagonal-

BEKK. Accordingly, A2, A3 and A4 are restricted to their diagonal forms.

Pursuant to (10), the impact of e∗t on the conditional variance of the normal news

component depends on A2 and A4, with the latter term capturing potential asymmetry

associated with the response to ‘bad’or negative normal news. This normal news asym-

metry complements the asymmetry allowed in the non-normal news component. The

model therefore provides two avenues for leverage effects, which may stem from normal

news or non-normal news (or both). This issue is explored further in Section 5D.

2.3 The news transmission component

The transmission process ft incorporates the news observed at time t and transmits it

across the asset space. The resulting cross-flow of information allows the normal or non-

normal news of a given asset to influence the expected volatility of any of the assets in

3For simplicity, we assume a first order BEKK form.
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the asset space. Investors can, for example, use news for a given firm to inter-temporally

revise their expectations about the profitability of other firms (Patton and Verardo, 2012).

In particular, the transmission process identifies and accepts the asset specific non-normal

and normal news at time t, and then filters the news using ΠA and ΠN respectively before

transmitting it to the remaining assets

ft = µ+ ΦEnt−1|It−1 [ft−1] + ΠAut + ΠNet (11)

where µ is a vector of length M , and ΠA, ΠN are M ×N matrices.

We also allow for the transmission of news expectations observed at time t − 1 and

these are filtered using Φ. As such, just as expected returns depend on Ent−1|It−1 [ft−1],

the evolution of the news transmission process also depends on Ent−1|It−1 [ft−1]. Note

that replacing ft−1 with Ent−1|It−1 [ft−1] avoids having to observe the entire history of the

jump variable (from t = 0 up to time t− 1) in order to determine the value of the news

transmission factor at time t.

To better understand the transmission component we can expand ft as follows

ft = µ+ ΦEnt−1|It−1 [ft−1] + ΠA ((nt − λ∗t )� xt) + ΠNet. (12)

The expansion renders it clear that the transmission component embeds information

about historical expectations and current news, including the vector of non-normal news

intensity shocks (nt − λ∗t ), the size of non-normal news xt, and normal news et. This
information is filtered using the ΠA and ΠN matrices thereby allowing us to establish

hypothesis tests based on ΠA = 0 or ΠN = 0 in order to examine whether (and what)

information is being filtered out by the news transmission process.

2.4 The model’s news spillover dynamics and their comparison

to other models

The conditional variance of yt+k given information up to time t, V (yt+k|It), may be
determined recursively as

V (yt+k|It) = BPt+k−1B
′ +Ht+k + Λt+k (13)

Pt+k = ΦPt+k−1Φ
′ + ΠNHt+kΠ

′
N + ΠAΛt+kΠ

′
A (14)

Λij,t+k =
(
µi,xµj,x +GiHt+k−1G

′
j

)
Σλ
ij,t+k (15)

where Gi is the ith row of G, and Λij,t+k, Σλ
ij,t+k are the (i,j)th elements of Λt+k and

Σλ
t+k respectively. Ht+k and Λt+k are the conditional expectations of the covariances for

normal news et and non-normal news ut respectively.
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In the case of k = 1, Pt = 0 since the common transmission ft and the jump size xt
are conditionally observed. Consequently, the covariance matrix for yt+1 is determined as

the sum of the covariances associated with normal and non-normal news, V (yt+1|It) =

Ht+1 + Λt+1.

We can expand the recursive process (13) to obtain the general result

V (yt+k|It) = Ht+k︸︷︷︸ + Λt+k︸︷︷︸ + BSNt+kB
′︸ ︷︷ ︸ + BSAt+kB

′︸ ︷︷ ︸ (16)

normal non-normal normal spillover non-normal spillover

where SNt+k =
∑k−1

l=1
Φl−1ΠNHt+k−lΠ

′
NΦl−1′ and SAt+k =

∑k−1

l=1
Φl−1ΠAΛt+k−lΠ

′
AΦl−1′.

The model therefore generates news dynamics for expected volatility that are readily

interpretable in terms of four distinct components: normal volatility Ht+k, non-normal

volatility Λt+k, the intertemporal transmission of normal news across assets SNt+k, and the

intertemporal transmission of non-normal news SAt+k. In this respect, we note that the

identification of Φ,ΠA and ΠN requires that {SAt+k, SNt+k} 6= 0 for at least one k > 0.

An interesting property of the model’s expected volatility is that it nests a range

of popular models that describe the interaction between the news arrival process and

the volatility of a set of assets. In the absence of any indirect volatility spillover or jump

effects the conditional variance collapses to the basic mGARCH model V (yt+k|It) = Ht+k

such that volatility is characterized solely by contemporaneous normal news. If, however,

there are jump effects but no indirect spillovers, the additional presence of non-normal

news results in V (yt+k|It) = Ht+k + Λt+k such that the conditional volatility of yt+k is

determined by contemporaneous normal and non-normal news.

The presence of information spillovers produces additional dynamics for the expected

variance-covariance of yt+k. In the case where ΠA = SAt+k = 0, V (yt+k|It) = Ht+k +

BSNt+kB
′ such that the news transmission process is limited to normal news. Nevertheless,

the news transmission process is significantly more flexible than the ordinary mGARCH

case (V (yt+k|It) = Ht+k). In this respect, note that notwithstanding the adoption of a

diagonal BEKK form for Ht+k, the presence of SNt+k implies that normal news for asset i

can affect the conditional variance of asset j (instead of only the conditional covariance

between asset i and j). This holds even where Hij,t is zero. In such a scenario, normal

news regarding asset i at time t can affect asset j at time t + k via asset l (l 6= i, j).

Clearly, asset dynamics of this kind require three or more assets.

Finally, the result SNt+k 6= 0, SAt+k 6= 0 implies the full volatility structure (16) and

accommodates a range of characteristics that can be present in the volatility spillover

process. Volatility can be transmitted between all assets irrespective of the contempora-

neous correlation observed between the assets’normal or non-normal news; this is facili-

tated by the news transmission mechanism which can transmit normal news (if ΠN 6= 0),
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non-normal news (if ΠA 6= 0) or both.4 Accordingly, the expected volatility of yi,t+k is

potentially a function of the normal and non-normal news of any of the N assets.

2.5 Deriving a heterogeneous news impact surface

The estimation of normal and non-normal news components allows us to generalise the

news impact curve, which typically defines the relationship between news in the current

period and expected volatility in the next period (Engle and Ng, 1993). In this respect,

we analytically derive the impact of contemporaneous normal and non-normal shocks on

expected volatility, thereby producing what we term a ‘generalised’news impact surface.

The news impact surface for the ith asset is denoted ∆i and represents the step-ahead

impact of uncertainty regarding ordinary news e and the unexpected number of jumps ξ

on the expected variance.

∆i = Qii + C1,i ×
(
µix +G(i,i)ei,0

)2 × exp
(
γi1ξi,0 + γi2ξ

−
i,0

)
, i = 1, ..., N (17)

Qij = C0,ij ×
(
µix +G(i,i)ei,0

) (
µjx +G(j,j)ej,0

)
×
(
C1,iC1,j ξ̃ij

)
+ C2,ij + H̃ij (18)

ξ̃ij = exp
(
γi1ξi,0 + γj1ξj,0 + γi2ξ

−
i,0 + γj2ξ

−
j,0

)
(19)

H̃ij = A(i,i),2A(j,j),2ei,0ej,0 + A(i,i),4A(j,j),4
(
e−i,0e

−
j,0

)
(20)

whereC0,ij = exp (Σij)−1, C1,i = exp
(
ωi + ψiλi + Σii/2

)
, C1,j = exp

(
ωj + ψjλj + Σjj/2

)
and C2,ij = A(i,j),1 + A(i,i),3A(j,j),3H ij.

The terms λi, λj and H ij represent pivot points for the time-varying processes λit, λjt
and Hij,t (being the the (i, j)th element of Ht). In our setting, we adopt the uncon-

ditional expectation of the relevant time-varying parameters as the pivot points. The

shocks ei,0, ξi,0 are the ith elements of the N -dimensional shocks e0, ξ0 (respectively),

while G(i,i), A(i,i),1 and A(i,i),3 are the ith diagonal elements of G, A1 and A3 respectively.

Note that in the case i = j, the proportionalities C0,ii, C1,i and C2,ii are non-negative

such that Vi is non-negative for any ei,0, ξi,0. The covariance surface for assets i, j is

given by Qij and represents the impact of the shocks ei,0, ξi,0 on the step-ahead expected

covariance. Supplementary information for deriving the news impact surface is provided

in the online Appendix A.

The dynamics of the model change markedly when we move from period 1 to period 2.

Although ∆i, Qij are only influenced by the period 0 shocks to assets i and j, the entire

set of shocks is relevant in period 2. It is therefore instructive to consider the news impact

surface in period 2 stemming from a period 0 shock. We denote the period 2 impact as

∆+
i , Q

+
ij. The sequence

{
∆i,∆

+
i

}
therefore represents the period 1 and 2 impact of the

4The Φ matrix determines the extent to which news disseminated by the news transmission mech-
anism impacts on expected volatility. In particular, the impact of news on the news transmission com-
ponent of expected volatility (BSNt+kB

′ + BSAt+kB
′) decays at the rate Φ2(l−1) where l represents the

number of periods prior to t+ k.
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period 0 arrival of N dimensions of normal news (e0) and N dimensions of non-normal

news (ξ0) on the expected variance of asset i. Similarly,
{
Qij, Q

+
ij

}
represents the period

1 and 2 impact of e0, ξ0 on the expected covariance between assets i and j.

∆+
i = Q+ii + C+1,i ×

(
µ2ix +G2(i,i)

[
C2,ii + A2(i,i),2e

2
i,0 + A2(i,i),4

(
e−i,0
)2])

(21)

× exp
(
ψi
[
γi1ξi,0 + γi2ξ

−
i,0

])
(22)

Q+ij = C0,ij × µixµjx ×
(
C+1,iC

+
1,j ξ̃

+

ij

)
+ C+2,ij + A(i,i),3A(j,j),3 × H̃ij (23)

+BiS
NB′j +BiS

AB′j

SN = ΠN

(
A1 + A2e0e

′
0A
′
2 + A3HA

′
3 + A4e

−
0 e
−′
0 A

′
4

)
Π′N (24)

SA = ΠA

(
(µx +Ge0) (µx +Ge0)

′ � Σλ
)

Π′A (25)

ξ̃
+

ij = exp
(
ψi
[
γi1ξi,0 + γi2ξ

−
i,0

]
+ ψj

[
γj1ξj,0 + γj2ξ

−
j,0

])
(26)

where C+1,i = exp
(
ωi + ψiλi0 + ψ2iλi + Σii/2

)
, C+1,j = exp

(
ωj + ψjλj0 + ψ2jλj + Σjj/2

)
,

and C+2,ij = A(i,j),1 + A(i,i),3A(j,j),3 × A(i,j),1 +
(
A(i,i),3A(j,j),3

)2
H i,j.

The N -dimensional matrix Σλ used to derive SA is the contemporaneous covariance

of the jumps and its individual elements are given by

Σλ
ii = C0,ii × exp (λ∗i + Σii/2)2 + exp (λ∗i + Σii/2) , i = 1, ..., N (27)

Σλ
ij = C0,ij × exp (λ∗i + Σii/2)× exp

(
λ∗j + Σjj/2

)
, i 6= j (28)

where λ∗i = λi0 + ψiλi + γi1ξi,0 + γi2ξ
−
i,0.

The change in dynamics from period 1 to period 2 following a shock highlights the

inter-temporal propagation of shocks implied by the model (readers interested in the

steady state news impact surface ∆∗i are referred to the online Appendix A). In period 0,

consider that asset i is subject to either normal news ei,0 or news leading to an unexpected

jump ξi,0. In the initial period 1, this impacts on both the volatility of asset i and on

its covariance with the other assets. In period 2, however, the news propagates across all

assets such that the news pertaining to asset i impacts not only on its covariance with

other assets but directly on the variance of the other assets as well. This can be caused

by, for example, asset managers changing their portfolio mix following the arrival of news

e0, ξ0.

The nature of the propagation that takes place, however, can depend on whether the

news is normal or non-normal. As such, non-normal news pertaining to asset i can have a

different impact on the expected variance of other assets than normal news. This unique

distinction ends up being critical in our empirical assessment of the news transmission

that takes place between assets and on its ramifications for both expected volatility and

the expected covariance between assets.
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3. Estimation

The model requires estimation of Ω = {µ,B,Φ,ΠA,ΠN , G,A1, A2, A3, A4, ω, ψ, γ,Σ}.
This implies the estimation of N(N + 1)/2 + 3N parameters for the diagonal-BEKK

representation of the mGARCH, N(N + 1)/2 + 4N parameters for the lognormal-Poisson

representation of non-normal news, 2N parameters for the size of the non-normal news,

M+M2+2MN parameters for the news transmission process and NM−M2 parameters

for the loadings on the news factor.

3.1 Likelihood function

The model’s conditional likelihood function is

L (y|Ω, n1, ..., nT ) =
T∏
t=1

L
(
yt|Ω, nt, λt, Ent−1|It−1 [ft−1], xt

)
(29)

=
T∏
t=1

f N
(
yt −BEnt−1|It−1 [ft−1]− (nt − λ∗t )� xt|0N , Ht

)
(30)

=
T∏
t=1

f N
(
et|nt|0N , Ht

)
(31)

where y = (y1, y2, ..., yT )′, f N is the multivariate normal density and et|nt denotes the

deviation of yt from its conditional expectation E
(
yt|Ω, nt, λt, Ent−1|It−1 [ft−1], xt

)
.

Similar to Hamilton (1989; 1990), the likelihood function is complicated by the pres-

ence of an unobserved state (in our case, et is conditional on the unobserved nt rather

than an unobserved Markovian regime st). To estimate the model, we therefore require

the likelihood after integrating out the jump component nt

L (yt|Ω, It−1) =
∞∑

n1t=0

...
∞∑

nNt=0

p (nt|λt,Σ)L
(
yt|Ω, nt, λt, Ent−1|It−1 [ft−1], xt

)
(32)

with the full likelihood being L (y|Ω) =
T∏
t=1

L (yt|Ω, It−1). The conditional probability

of nt is p (nt|λt,Σ) and involves integrating over the N -dimensional positive subspace.

The estimation of this conditional probability is discussed in Section 3.2 below which

considers the scalability of the model.

Given L (yt|Ω, It−1), we are able to update the conditional probability p (nt|λt,Σ) with

information up to time t thereby yielding the filtered probability of nt

p (nt|It) =
p (nt|λt,Σ)L

(
yt|Ω, nt, λt, Ent−1|It−1 [ft−1], xt

)
L (yt|Ω, It−1)

. (33)

This probability is used to obtain ξi,t = E (ni,t|It)−λ∗i,t thereby providing the next pe-
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riod’s λt+1 (based on Eq. (5)). It is also used to obtain ft|nt which is necessary for the eval-

uation of the likelihood function. In this respect, conditional on {Ω, nt, λt, Ent−1|It−1 [ft−1], xt},
the news transmission factor is given by

ft|nt = ΦEnt−1|It−1 [ft−1] + ΠA ((nt − λ∗t )� xt) + ΠNet|nt . (34)

To facilitate the iteration we require the conditional expectationsEnt|It [ft] andEnt|It [et].

The former is used as an input into the conditional expectation of yt+1 and in next pe-

riod’s new transmission factor ft+1|nt+1. The latter expectation Ent|It [et] serves as an

input into the next period jump size xt+1 and normal news volatility Ht+1. We estimate

these values in a similar manner to Eq. (32) which is used to obtain L (yt|Ω, It−1). This
involves weighting ft|nt and et|nt using p (nt|It) as follows

Ent|It [ft] =
∞∑

n1t=0

...
∞∑

nNt=0

ft|ntp (nt|It) (35)

Ent|It [et] =
∞∑

n1t=0

...
∞∑

nNt=0

et|ntp (nt|It) . (36)

In practice, the summation in Eqs. (35)-(36) (and in Eq. (32)) is undertaken up to

point c such that p (c|λt,Σ) → 0. For the daily datasets used in this paper, the number

of jumps is rarely greater than 2 such that setting c beyond 2 or 3 extends the estimation

time with little difference in the parameter estimates.

The individual steps involved in forming the likelihood function L (y|Ω) are detailed in

the online Appendix B. Maximum likelihood estimates of the parameters Ω are obtained

by maximizing L (y|Ω) with respect to the parameter set.5 To implement the relative

pricing of assets we place M unity restrictions on B, in addition to the restriction that

all elements of B are non-negative. This implies that, if µ is positive, the expected return

will also converge to a positive value. Finally, stationarity restrictions are placed on λt
and Ht (see Engle and Kroner (1995) for further details regarding the properties of Ht).

3.2 Scalability

Given that mGARCH models are typically parameter intensive, it is useful to compare

the parameters required to estimate the proposed model relative to those of competing

models. We focus on the full BEKK mGARCH model which requires the estimation of

(N(N + 1))/2 + 2N2 parameters but also allows for rich volatility dynamics.6 In terms

of scalability, when N > 8, the full BEKK model requires the estimation of a greater

5For further information regarding the maximum likelihood estimation of models in the single source
of error family see Ord, Koehler and Snyder (1997).

6To maintain consistency with our specification for normal news volatility in Section 2.2, we specify
the number of parameters for a first-order BEKK model.
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number of parameters than the model proposed here (assuming M = 1). In particular,

withN = 10, the full BEKKmodel requires the estimation of an additional 24 parameters,

rising to an additional 267 parameters for N = 15. The additional number of parameters

required increases further if the BEKK model is augmented to account for asymmetry in

the volatility response.

In terms of estimating the model using larger values of N (for example, N = 20),

the primary issue for the model we propose is the dimensionality of the jump component

nt. The reason for this is that model estimation requires summation over the conditional

probabilities associated with the possible combinations of the N -dimensional vector nt.

This becomes prohibitive from a time perspective such that, for larger values of N , it is

sensible to reduce the dimensionality of nt. Consider, for example, a model with N = 20

assets across five asset classes or sectors with a jump process specified for each of the

five asset classes or sectors rather than for each individual asset. An effective way to

proceed is to specify such common jumps yet continue to allow individual jump sizes for

each asset. In this situation, a rich dynamic process allowing for normal and non-normal

news can be estimated for relatively large N , with both normal and non-normal news

continuing to be transmitted across individual assets.

A related diffi culty is that obtaining the conditional probability of nt (denoted p (nt|λt,Σ)

in Eq. (32)) involves integrating over the N -dimensional positive subspace

p (nt|λt,Σ) =
∫
RN+

∏N
i=1 p0 (nit|θit) f LN (θt|λt,Σ) dθt (37)

where θt = (θ1t, θ2t, ..., θNt)
′ is an N -dimensional vector, p0 (nit|θit) is the Poisson density

evaluated at nit conditional on the time-varying intensity θit, and f LN (θt|λt,Σ) is the

N -variate log-normal density with location and scale parameters λt,Σ respectively.

For N ≤ 5, we find that the grid-based numerical estimation method proposed in

Aitchison and Ho (1989) is fast and accurate. For larger values of N , however, we pro-

pose a simulation-based approach to estimating p (nt|λt,Σ). The proposed approach

yields estimates that are effectively identical to those based on the grid-method but with

a substantial improvement in computation time. In particular, we propose drawing K∗

values of θ from the log-normal density f LN (θt|λt,Σ) and then evaluating the Poisson

density
∏N

i=1 p0 (nit|θit) for each draw of θ.7 The evaluation of the latter is trivial as∏N
i=1 p0 (nit|θit) is simply the product of univariate Poisson densities. The resulting esti-

mate of p (nt|λt,Σ) is given by

1

K∗

K∗∑
k=1

∏N
i=1 p0

(
nit|θ(k)i

)
(38)

7We observe little change in the estimated conditional probabilities when setting K∗ greater than
1000.
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where θ(k) = (θ
(k)
1 , θ

(k)
2 , ..., θ

(k)
N )′ is the kth draw from the density f LN (θt|λt,Σ).

4. Data

We estimate the model parameters using daily returns data for four major technology

stocks: Google (GOOGL), Apple (AAPL), Intel (INTC) and Microsoft (MSFT). The

four stocks are chosen as they potentially exhibit technological inter-dependencies (for

example, partial reliance on Intel processors or the Microsoft Windows OS) and offer

a competing range of products (such as tablets and smart-phones). The stocks there-

fore provide an interesting basis for examining the impact of information cross-overs on

volatility.

The returns are obtained from Yahoo Finance and are computed as 100 times the first

difference of log closing prices over the period 24 March 2005 to 11 December 2013 for a

total of T = 2, 196 observations for each stock.8 Descriptive statistics for the returns data

are presented in the online Appendix C and indicate that Apple and Google have higher

daily returns and volatility than Intel or Microsoft. In turn, the stocks differ in terms of

their skewness and kurtosis, with Google and Microsoft exhibiting greater skewness and

kurtosis than Apple or Intel.

The model is also estimated on the S&P 400, S&P 500 and S&P 600 index returns

data. The data are obtained from the Zacks Equity Prices backtesting database and span

the period September 10, 2007 to August 28, 2013 for a total of T = 1500 observations

per index. In line with the summary statistics, the indexes exhibit substantially greater

correlation than the technology stocks but smaller levels of volatility and kurtosis.

5. Results

A. Estimates for Google, Apple, Intel and Microsoft

We estimate several variants of the model on both the technology and S&P datasets

based on the adoption of a single news transmission factor (M = 1), and find that restrict-

ing λ0 in (5) and G in (3) to zero has little difference on the findings for the technology

stocks.9 In contrast, the restrictions have implications for the S&P index data. On this

basis, we present results for the more parsimonious restricted model (λ0 = 0 and G = 0)

for the technology stocks and for the unrestricted model on the index returns. The pa-

rameter estimates for the technology stocks are provided in the online Appendix D. To

8We estimate the model using adjusted and unadjusted closing prices but find little difference in the
parameter estimates. To ensure comparability with previous studies (eg. Maheu and McCurdy, 2004),
however, the forecasting exercise is based on closing values that are adjusted for dividends and splits.

9To identify the news transmission factor, we set the first element of B to unity.
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preserve space, particularly since the results for the index returns are consistent those of

the technology stocks, readers interested in the results and associated discussion for the

index stocks are referred to the online Appendix E. We note that diagnostic tests on the

standardized residuals, ei,t/H
1/2
(i,i),t and ui,t/

(
x2i,tΣ

λ
ii,t

)1/2
, indicate that there remains no

statistically significant autocorrelation in either the level or squared standardized resid-

uals.10

Prior to discussing the model’s key results we examine briefly the time-varying jump

intensities λi,t which (together with Σ) determine the volatility of the non-normal news

component, and the diagonal elements of Ht which determine the volatility of each stock’s

normal news component. The jump shocks ξi,t are also examined as they are critical to

determining time-variation in the jump intensities (see, further, Patton and Sheppard,

2015). The figures for these variables are presented in the online Appendix F and show

that the jump intensities vary substantially over time for Google and Intel, indicating that

the volatility of non-normal news stemming from these stocks has historically exhibited

sharp changes (Figure F1 in the online Appendix F). In contrast, Apple and Microsoft

exhibit relatively smaller time variation in their jump intensities indicating that, at least

historically, non-normal news for both of these stocks has been less volatile than that of

Google or Intel.

It is clear from Figure F2 that it is the presence of relatively large jump shocks

ξi,t that is responsible for the sharp changes in the jump intensities of Google, Intel

and Microsoft. The shocks are typically positive indicating that when a jump shock

occurs it is usually the result of a greater number of jumps than expected. Since the

expected jump size for Google is positive (µx,1 = 4.7072), the positive shocks in Figure

F2 indicate that non-normal news from Google has tended to be ‘good news’. Conversely,

the expected jump size for Intel and Microsoft are similar but negative (µx,3 = −4.8561

and µx,4 = −5.5497), indicating that jump shocks for these two stocks tend to be the

result of ‘bad news’. Apple, on the other hand, has a small (albeit statistical significant)

negative expected jump size (µx,2 = −0.32035) indicating that non-normal news from

Apple has been neither particularly good or bad (at least, relative to Google, Intel or

Microsoft), although it is slightly skewed to the negative.

Figure F3 shows the volatility of each stock’s normal news component. The volatility

of normal news rises during the GFC, indicating general investor uncertainty about the

post-GFC ‘status-quo’. The volatility is greatest for Apple indicating significant uncer-

tainty about the post-GFC Apple stock price, but endures longest for Intel (with normal

10The Engle-LM test of additional ARCH effects in the standardised normal residuals returned p-
values that were not distinguishable from those for an iid random draw (being 0.7236, 0.5438, 7687,
0.8414 for Google, Apple, Intel and Microsoft respectively when applying the test at 5 lags). The
relevant p-values for lags smaller or greater than 5 (up to 10) were similarly insignificant, as were the
p-values based on the Ljung-Box Q statistic on the squared standardised residuals (being 0.7604, 0.5669,
0.7798, 0.8421).
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volatility not stabilizing until mid-2009).

B. What news is being transmitted?

Table 1 presents likelihood ratio tests of the parameters relevant to determining

whether cov (uit, ujt) = 0 and cov (eit, ejt) = 0, and of the parameters in the transmission

component. Although the focus is on the latter parameters, it is first noted that likelihood

ratio tests of the null hypotheses of a diagonal Σ and A1 indicate rejection of the null

at the .05 level. Rejection of the diagonality of Σ implies a rejection of cov (uit, ujt) = 0

and indicates that, to some extent, the transmission of non-normal news between the

technology stocks is contemporaneous. Similarly, the rejection of a diagonal A1 indicates

a rejection of cov (eit, ejt) = 0 (irrespective of the parameter values for A2, A3 or A4) with

an analogous interpretation to that for non-normal news. It is noted that although the

rejection of cov (eit, ejt) = 0 is well known, the additional rejection of cov (uit, ujt) = 0

indicates that the contemporaneous transmission of non-normal news is distinct to that

of normal news.

Table 1: Likelihood ratio tests of the transmission component

LR statistic df 95% Crit.

µ = 0 56.268 1 3.8415

Φ = 0 82.858 1 3.8415

ΠA = 0 90.509 4 9.4877

ΠN = 0 49.18 4 9.4877

ΠA = ΠN 94.555 4 9.4877

B = 0 66.625 3 7.8147

B = 1 93.467 3 7.8147

Σij = 0, i 6= j 15.812 6 12.592

A1,ij = 0, i 6= j 514.72 6 12.592

B.1. The significance of the news transmission process

To determine the significance of the news transmission process ft we examine the

transmission of non-normal news by reference to ΠA and the transmission of normal

news based on ΠN . We also examine the persistence of the transmission component Φ

which provides information on the rate of news decay.

At the outset, the rejection of the hypothesis B = 0 in Table 1 indicates that news

pertaining to any of the technology stocks is potentially embedded in the expected volatil-

ity function of each of the remaining stocks.11 To identify the news being transmitted we

11The test B = 0 (or B = 1) pertains to the elements of B other the first element which is restricted
to unity for identification purposes.
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require the additional testing of the hypotheses ΠA = 0, ΠN = 0. Both hypotheses are

clearly rejected, implying the transmission of both normal and non-normal news across

the asset space. Moreover, the rejection of ΠA = ΠN indicates the presence of asymme-

tries in the news transmission process, with the transmission of non-normal news differing

significantly from that of normal news. This asymmetry may result in the dampening

of non-normal news (if ΠA is smaller than ΠN) or the amplification of non-normal news,

with research pointing heavily to the former outcome (whereby the impact of non-normal

news on expected volatility is found to decay at a faster rate than that of normal news)

(Schwert, 1990; Engle and Mustafa, 1992; Maheu and McCurdy, 2004).

We find, however, that ΠA is substantially larger than ΠN thereby highlighting the

relative importance of non-normal news to the transmission process. In particular, uni-

variate tests of each of the parameters in ΠA and ΠN indicate that greater weight is

attached to the non-normal news of Google, Apple and Microsoft, with the weight being

attached to the non-normal news from Intel not being significantly different to the weight

attached to Intel’s normal news. As such, we cannot observe ΠN,i > ΠA,i for any i.

The results provide strong evidence that the transmission of normal news is dampened

at a substantially heavier rate than that of non-normal news. To better understand why

we observe converse results to previous studies it is necessary to consider the implications

of setting either ΠA = ΠN = 0 or ΠA = ΠN . These restrictions generate dynamics that

are similar to those in previous studies. Under the former restriction (ΠA = ΠN = 0),

expected volatility is determined as the sum of the expected volatility stemming from

ut and et. Given the latter restriction (ΠA = ΠN), both normal and non-normal news

are transmitted in the same manner. In both cases, the dynamics underlying expected

volatility are determined solely by the mGARCH process Ht and the jump intensity λt.

Since the persistence associated with Ht is typically greater than that for λt, previous

studies generally conclude that the impact of non-normal news on expected volatility

decays at a faster rate than the impact of normal news. In this study, however, we show

that both ΠA = ΠN = 0 and ΠA = ΠN are clearly rejected, with ΠA being significantly

greater than ΠN , such that the aforementioned outcome no longer holds.

B.2. Estimating the conditional variance using the full BEKK mGARCH model

In the absence of a non-normal component, it is in principle clear that even a parame-

ter rich model such as the full BEKK will be unable to capture the heterogeneous normal

and non-normal dynamics observed in the technology dataset. In practice, however, it

is unclear how the full BEKK (or a comparable model) will approximate the volatility

dynamics associated with heterogeneous news. To examine this, we simulate 100 datasets

of length T = 2, 196 from a DGP process based on the model proposed in Section 2 us-

ing the estimated parameters for Google, Apple, Intel and Microsoft. We then obtain

parameter estimates for the datasets using both the full BEKK model and the model
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proposed in this paper. To ensure, however, that the results are not peculiar to the full

BEKK, we also estimate the model on the asymmetric full BEKK and the (symmetric

and asymmetric) VEC-based mGARCH models with consistently similar results.12

The results show unambiguously that the full BEKK model produces parameter esti-

mates that amplify the one-step ahead conditional volatilities above their actual values.

This holds for all four stocks. In particular, the autoregressive coeffi cients in the full

BEKK model produce a substantially larger impact of normal news on expected volatil-

ity than that implied by the underlying DGP. This essentially yields a model that attaches

a greater weight to normal news than that warranted by the underlying DGP.

On average, the full BEKK produces estimates of conditional variances that are ap-

proximately 27 per cent greater than the conditional variance of the normal news com-

ponent in the model.13 This holds irrespective of whether the conditional variance of

the normal news component is constructed using parameter estimates or by using the

actual parameters in the DGP. Moreover, there are numerous periods where the surge

in expected volatility predicted by the full BEKK is two or three times larger than the

conditional volatility of the normal news component. As noted above, similar results hold

for the asymmetric full BEKK and the VEC-based mGARCH models.

The problem of inflated conditional volatilities continues to exist even if we compare

the step-ahead conditional volatilities of the full BEKK with the total volatility implied

by the DGP process (viz. the sum of normal and non-normal volatilities). In such a

scenario, the full BEKK continues to produce conditional volatility estimates that are -

on average - 17 per cent greater than the actual one-step ahead total volatilities. The

forecasting implications of these results for the full BEKK model are explored further in

Section 6.

C. Understanding news spillovers using news impact surfaces

The statistical significance of the news transmission process provides some insight into

the complexity of the news transmission process. To better appreciate this complexity,

however, we use the news impact surfaces derived in Section 2.5 to examine the relation-

ship between news and volatility expectations. In this respect, the news impact surfaces

allow us to examine the impact of normal and non-normal news on expected volatility

taking into account the entire set of model parameters.

To examine the relationship between news and volatility expectations, we first con-

struct the surfaces contingent on an environment where there is no non-normal news.

This provides us with a basis for examining how important the normal news of asset j is

12The parameter estimates for the alternative models were obtained using Kevin Sheppard’s MFE
toolbox.

13The average ratios of the conditional volatility estimates stemming from the full BEKK relative to
the estimates implied by the underlying DGP are: 1.34 for Google; 1.46 for Apple; 1.15 for Intel; and
1.13 for Microsoft.
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in determining the expected variance of asset i. We then introduce non-normal news into

the financial environment in order to determine how expected volatility changes in the

joint presence of normal and non-normal news. Since, in our news model, the expected

volatility of an asset is a function of both its own news and news flows from other assets,

we are able to examine an asset’s volatility response to its own news and the news of

other assets. We focus on the k = 1 and k = 2 day ahead impact of news since these two

periods are suffi cient in order to reflect differences in the news transmission process that

are a function of k.

The results indicate that information spillovers are fundamental in determining the

expected volatility of an asset. Although the impact of information cross-overs on ex-

pected volatility differs across assets, there are several clear commonalities in our findings

that shed new light on the relationship between expected volatility and news. The com-

monalities relate to the relative importance of normal news and to the persistence of

non-normal news. They also relate to the capacity to interpret asset price correlations in

the context of normal and non-normal information flows between assets. Each of these is

discussed, in turn, below.

C.1. How important is normal news?

In the absence of any non-normal news, the expected volatility of a stock’s return is

dominated by its own normal news. The impact of normal news stemming from other

stocks is relatively minor, even when we assume that the normal shock is large.14 Effec-

tively, the normal news of other assets is largely filtered out in determining the expected

volatility of a given asset.

The impact surface changes dramatically with the introduction of non-normal news,

with the expected volatility of each of the technology stocks being sensitive to the non-

normal news of at least one of the other technology stocks. Given the presence of normal

news for asset i and non-normal news for asset j, we observe two types of surfaces.

The first type is where the expected volatility of asset i is significantly influenced by its

own normal news and the non-normal news of another asset if the non-normal news is

of a suffi ciently large magnitude. Consider, for example, Figure 1 which indicates that

Google’s expected volatility is clearly influenced by large non-normal shocks from Intel

and Microsoft. Depending on the magnitude of the non-normal news, news from Intel

may increase or decrease Google’s expected volatility. Intel can therefore act as both a

substitute or a complement in terms of minimizing the volatility of an investor holding

Google stock.

The second type of response is a collapse in the asset’s sensitivity to its own normal

14Figure G1 in the online Appendix G shows the impact of normal news on the expected volatility
of Google and Microsoft, and it is clear that the normal news of other stocks has a negligible impact on
the expected volatility of either asset. This result also holds for Apple and Intel.
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news. In such a scenario, the expected volatility of asset i is largely determined by the

non-normal news of asset j. In Figure 1, for example, we observe that Intel’s expected

volatility is fairly flat but increases sharply in response to non-normal news from Apple

or Google. The contrasting response of Google’s expected volatility to non-normal Intel

news (with Intel’s expected volatility to non-normal Google news) highlights the lack of

symmetry in news responses. The identity of the news source and recipient appear to be

critical in determining the volatility response to news.

Figure 1: Expected variance surface conditional on normal (or ‘typical’) and

non-normal (or ‘atypical’) news. The expected variance is at t = 2 following the initial

(t = 0) observation of normal and non-normal news (denoted as e0 and ξ0 respectively

in Section 2.5).

C.2. The impact of non-normal news on the persistence of volatility

The empirical findings to date indicate that large shocks tend to have a less persistent

impact on expected volatility than normal shocks (eg. Engle and Mustafa, 1992; Maheu

and McCurdy, 2004). According to this stylized fact, the persistence effect on expected

volatility from normal news is greater than that of non-normal news (or, in other words,

that non-normal news has a significant immediate impact that appears to be quickly

discounted in terms of the stock’s expected volatility). Indeed, if we restrict our attention

to the persistence of the volatility associated with normal and non-normal news (which
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are captured by equations (10) and (5) respectively) our findings effectively corroborate

this result.

We propose, however, to augment the likelihood ratio tests in Section B.1 by using

the news impact surface to examine the persistence of non-normal news. We note that in

Section B.1 it is shown that the propagation or transmission mechanism is statistically

significant, and that the propagation of non-normal news differs significantly from its

normal counterpart (with ΠA ≥ ΠN where ΠA propagates non-normal news and ΠN

propagates normal news).

The news impact surface, which accounts for the individual persistence of each type

of news and the inter-temporal propagation of the different news across the asset space,

is used to visualize the impact of the propagation mechanism and the asymmetry ΠA ≥
ΠN on expected volatility. The propagation mechanism is, in fact, key to measuring the

persistence of news and its omission results in a measurement of persistence that fails to

account for an important characteristic of the returns data.

To measure the relative persistence of non-normal news, we consider the news impact

surface for asset i in the absence of any news from other assets. This provides a depiction

of the relative importance of normal news on expected volatility whilst avoiding the need

to consider the way in which news from other stocks obfuscates the impact surface. The

surfaces observed at successive time periods examine the impact on expected volatility

of an initial (time 0) set of non-normal and normal news.

The news impact surfaces show that the 1-period ahead expected impact of normal

news induces a curvature in the expected volatility surface that expands with the magni-

tude of the normal news (see, further, Figure G2 in the online Appendix G). On the other
hand, the 1-period ahead expected impact of non-normal news tends to be asymmetric

and induces a fairly monotonic increase in expected volatility if the observed number of

non-normal shocks exceeds the expected number (such that ξ0 > 0).

In the following period, the curvature induced by the period 0 normal news declines

sharply for all four stocks and the surface is almost fully characterized by steepness

stemming from the period 0 non-normal news. Importantly, the maximal 2-step ahead

volatility exceeds its 1-period ahead counterpart for all four stocks (in some cases by a

substantial margin). The maximal volatility begins to decline at 3 or 4 steps ahead and

asymptotes exponentially to the limiting surface described in the online Appendix A.

It is clear that the news transmission mechanism effectively filters out normal news

and filters in non-normal news into the expected volatility equation. Through this filter-

ing process, the impact of non-normal news expands whilst the impact of normal news

declines even in the presence of highly persistent GARCH volatilities that characterize

the volatility of normal news.

C.3. How does news affect asset return correlations?
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The expected covariance surfaces depend heavily on the extent to which the period

0 news is normal or non-normal. When news is limited to the latter, all the covariance

pairs are defined by hyperbolic paraboloid surfaces that are similar to a saddle. This

is depicted in the online Appendix G (Figure G3). Saddle points are clearly observed

that depict the ‘news-free’covariance between the stock pairs; beginning at the saddle

point, the expected covariance increases in the presence of normal (period 0) news from

any two stocks that have the same sign (ie. two stocks that both have ‘good’normal

news or ‘bad’normal news) and declines when the news is of opposing sign. This result

suggests that the information content of no-news described in Giglio and Shue (2014)

can be understood as the saddle point that the covariance function ‘converges’to in the

absence of any news. Put another way, the absence of news can be considered ‘news’in

itself in the sense that it establishes convergence towards the news-free saddle point.

It is interesting that the Microsoft-Google and Microsoft-Apple covariance surfaces

contain negative values (implying that normal news of opposing sign can shift the sign

of the expected covariance between the asset pairs) whereas the Microsoft-Intel surface

is always positive. This may reflect the long-standing collaboration between Microsoft

and Intel in the development of multiple generations of the Windows OS that have been

optimized for use on Intel processors (in contrast, the Microsoft-Google and Microsoft-

Apple pairings involve competing organizations).

The covariance surfaces become significantly more heterogeneous in the presence of

non-normal news, and a common shape is no longer apparent (Figure 2). Most impor-

tantly, this can result in the expected covariance changing sign and becoming negative.

As such, the expected covariance function’s dependence on non-normal news implies that

even the sign of the correlation between stock returns is ambiguous in the short term. In

particular, the expected correlation for two stocks that are normally positively correlated

can switch from being positive to negative in the presence of significant non-normal news

(even if the contemporaneous covariance in the jump components for the two stocks, Σij,

is positive).

In contrast, normal news alone generally does not change the sign of the expected

covariance function for any of the asset pairings. These two results are particularly

important for hedging and portfolio management purposes, indicating that there is effec-

tively no need to hedge against the normal news of other stocks with the portfolio variance

minimization problem being largely a function of identifying stocks with inversely related

non-normal news (in effect, identifying sets of stocks whose covariance surface has large

negative subspaces).

23

This article is protected by copyright. All rights reserved.



Figure 2: Expected covariance surface conditional on normal (or ‘typical’) and

non-normal (or ‘atypical’) news. The expected covariance is presented at t = 1 and

t = 2 and is conditional on the set of t = 0 normal and non-normal news for the

depicted pair of assets. Note that although the figures are pairwise the depicted

covariance also depends on the other assets in the model.

D. Leverage effects and asymmetries

The asymmetric response to negative normal news is widely held to describe a leverage

effect associated with the devaluation of the equity component of a firm’s capital. The

leverage effects are extended here with the incorporation of sign-dependent asymmetric

effects in the non-normal news component thereby allowing for two possible leverage

effects: an effect associated with devaluation attributed to normal news and a second

effect associated with devaluations caused by non-normal news.

The leverage effects are obtained by allowing for asymmetric responses to news about

the number of jumps ξt and to normal news et.
15 The latter asymmetry follows a standard

form (eg. Glosten, Jagannathan and Runkle, 1993), while the former asymmetry is based

on the premise that the expected probability of n jumps in the next period is influenced

by whether investors over- or under- estimate the number of jumps in the current period.

Both asymmetries are relevant in determining the stock’s expected volatility; normal news

et impacts directly but asymmetrically on the volatility of the normal news component

15The number of jumps can be defined as the standardised non-normal news component ξi,t = ui,t/xi,t,
where ui,t is the overall non-normal or atypical news and xi,t is the conditional expectation of the jump
size.
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via Ht (Eq. (10)) whereas ξt impacts non-linearly on the volatility of the non-normal

component through Σλ
ii,t (Eq. (8)).

Likelihood ratio tests are used to evaluate whether the two types of asymmetries

are statistically significant (formally, to test the null hypotheses A4 = 0, γ2 = 0, for

the normal and non-normal news components respectively). As expected, the results

for normal news are consistent with a long line of research indicating the presence of

asymmetric effects in the GARCH equation (Table 2). However, we find that there

are also significant asymmetric effects associated with non-normal news such that the

expected volatility response to bad news (irrespective of its magnitude) differs depending

on whether the devaluation stems from normal or non-normal news.

Table 2a,b: (a) Likelihood ratio tests of the asymmetric components (γ2, A4), and (b) the

impact of asymmetries on non-normal and normal news .

(a) LR statistic df 95% Crit.

γ2 = 0 133.74 4 9.4877

A4 = 0 313.45 4 9.4877

(b) Google Apple Intel Microsoft

ξt ≥ 0 1.157 1.737 1.213 0.143

ξt < 0 5.961 2.036 3.182 5.005

et ≥ 0 0.088 0.075 0.027 0.056

et < 0 0.088 0.159 0.043 0.059
Note: The individual elements in (ξt ≥ 0, ξt < 0) and (et ≥ 0, et < 0) represent the marginal

impact of asymmetries on the non-normal news intensity (5) and on the GARCH equation

(10) respectively.

The unambiguous rejection of the null hypotheses suggests that there are two distinct

sources of leverage effects. Closer inspection of the impact of the two types of news,

however, renders it clear that leverage effects predominantly stem from non-normal news

and appear to be driven by expectations regarding the probability of a jump. Table 2(b)

shows the marginal impact of ξt and et on the step-ahead values of the jump intensity λt
and the GARCH volatility Ht. Negative normal news has a relatively small incremental

impact on the volatility of the normal news Ht. In contrast, there is a large differential

impact when ξt < 0 relative to ξt ≥ 0 resulting in an expected news intensity λit that

depends heavily on the sign of ξt for all four stocks.

The findings indicate that expectations regarding non-normal news (in particular,

the extent to which investors have over- or under- estimated jump probabilities) are key

to the measurement of the leverage effect, with standard asymmetric volatility models

failing to reflect the additional volatility implications stemming from non-normal news

asymmetries.
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6. Volatility forecasting performance

We compare the out of sample volatility forecasts from the news transmission model

with those from a set of competing models for the 516 days from the end of our sample

period to the end of December 2015. The competing models are the full BEKK, diagonal

BEKK, scalar BEKK, the GARCH(1,1)-DCC, the GJR-GARCH-t model and a univariate

GARCH-jump model. The first three models belong to the BEKK family of multivariate

volatility models, whereas the GARCH(1,1)-DCC is a popular multivariate volatility

model. The GJR-GARCH-t (Glosten, Jagannathan and Runkle, 1993) is a widely used

univariate volatility model designed to account for asymmetric (or leverage) effects (we

note that the other competing models are also estimated subject to the potential presence

of leverage effects). The univariate GARCH-jump model is based on Chan and Maheu

(2002) and incorporates both GARCH and jump processes.16

In order to assess model performance under potential parameter uncertainty, we do

not re-estimate the model parameters during the forecasting period. This yields infor-

mation about model performance under potentially different conditions to those used to

estimate the model parameters. We follow Maheu and McCurdy (2004) in comparing the

forecasting accuracy of the period-ahead volatility forecast made in day t − 1 with the

actual log-range for day t.17 To examine model performance, we consider three forecast-

ing exercises. The first covers the entire forecasting period, the second covers periods of

high volatility and the third covers the 10-day period following large negative returns.

High volatility is defined by reference to periods where the stock’s range is greater than

its mean plus one standard deviation. Large negative returns are when rt < −2.0. Table

3 presents the MAE and RMSE values for forecasts produced by the competing models,

in addition to the p-values associated with the application of the Model Confidence Set

test of equal predictive ability proposed by Hansen, Lunde and Nason (2011).

The results provide strong evidence in favour of the news transmission model, which

is in the 90 per cent model confidence set in almost all cases and is clearly the dominant

model across the four stocks. In addition to being the preferred model in all three

forecasting exercises, the forecasts from the news transmission model also produce smaller

RMSE and MSE values than the competing models.

We note, in particular, the news transmission model’s significant forecast improvement

on the diagonal BEKK model. Since the diagonal BEKK forms the basis of the normal

news innovations in the proposed model, any improvement of the model on the diagonal

BEKK indicates the importance of accounting for the transmission of non-normal news.

16Chan and Maheu (2002) find that the out-of-sample performance of the model with constant jump
intensity is similar to that of the model with time-varying jump intensities. We therefore estimate the
simpler model based on a constant jump intensity.

17The log-range (being the log of the ratio of the intraday high to the intraday low prices) is scaled
so that its sample mean accords with the sample standard deviation of the relevant return.
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In this respect, a key issue with the diagonal BEKK model (or, indeed, the full or scalar

BEKK model) is that it restricts all news to have the same impact. Consequently, it is

not possible to distinguish between the impact of normal and non-normal news on the

conditional variance of an asset return. The significant forecast improvement yielded by

the news transmission model indicates that the latter restriction can have substantial

ramifications for forecasting accuracy. Overall, the results provide clear support for our

general finding that both news type and the news transmission process are important for

determining an asset’s volatility.

7. Conclusion

We examine the impact of information cross-flows on the behavior of asset prices, includ-

ing how information from a given stock affects the volatility of other stocks. In particular,

we develop a model that categorizes an asset’s news into normal and non-normal news,

and allows both types of news to influence the expected volatility of other assets. Each

asset therefore potentially produces news that can be normal or non-normal, with the two

types of news having their own unique distribution. This news is then filtered through

to other assets such that the asset’s expected volatility is a function of its own news and

the news of other assets.

The model is used to consider how the transmission of normal news differs from that

of non-normal news, to examine the relative importance of an asset’s own news relative to

the news of other assets, and to establish the type and magnitude of news from other assets

that is suffi cient to ‘dominate’an asset’s own news. To address these questions, we derive

a news impact surface that characterizes an asset’s expected variance (and its covariance

with other assets) in terms of the asset’s own (normal and non-normal) news and the

news of other assets. The surface provides insights into the dynamics underlying the

impact of news on volatility expectations, and allows us to reach a number of important

conclusions regarding the inter-relationship between news and expectations.

We find that the expected volatility surface changes dramatically in the presence

of non-normal news such that a stock in a given portfolio can reduce or increase the

portfolio’s volatility even if the stock’s own volatility rises following the news.

In exploring the impact of news type on the expected volatility surface, we observe

clearly different asymmetries associated with normal and non-normal news. These asym-

metries allow us to identify two distinct sources of leverage effects: a leverage effect for

normal news and a (more important) leverage effect for non-normal news. Accordingly,

estimates of the leverage effect based on GARCH or stochastic volatility models will

typically underestimate the extent of the effect in stock returns data.

We also show that news transmission tends to crowd-in non-normal news and crowd-

out normal news, such that the effect of non-normal news on volatility expectations often
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builds up before dissipating. This produces a shift in the persistence of the impact of

non-normal and normal news that negates the stylized fact that larger shocks have a less

persistent impact on expected volatility than normal shocks.

Finally, we provide evidence that non-normal news is primarily responsible for the

negative subspace in the covariance surface of the stocks that we consider. For these

types of stocks, non-normal news can impact significantly on their expected correlation

such that the ability to determine even the sign of their correlation is ambiguous in the

short term.
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