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Abstract

An understanding of the linkages between assets is important for understanding the stability

of markets. Network analysis provides a natural framework within which to examine such

linkages. This paper examines the impact of firm specific news arrivals on the interconnec-

tions at an individual firm and overall portfolio level. While a great deal of research has

focused on the impact of news on the volatility of a single asset, much less attention has

been paid to the role of news in explaining the links between assets. It is found that the both

the volume of news and its associated sentiment are important drivers the connectedness

between individual stocks and the overall market structure. Firms that experience negative

news arrivals during periods of market stress become more centrally important in the market

structure.

Keywords

Networks, news, volatility, sentiment

JEL Classification Numbers

C22,G00.

Corresponding author

Adam Clements

School of Economics and Finance

Queensland University of Technology

Brisbane, 4001

Qld, Australia

email a.clements@qut.edu.au

Acknowledgments



1 Introduction

There is a long history of studying the relationship between news arrivals and asset price be-

haviour. Much attention has been paid to the link between news flow and volatility of a single

asset or market. In contrast, there is little understanding of how the news flow relating to

a specific asset influences its relationships with other assets. This paper considers how news

arrivals relating to individual firms impacts on their importance within a larger portfolio, their

response to the behaviour other assets in a portfolio and the characteristics of the portfolio (in

terms of linkages within the portfolio) as a whole.

The Mixture of Distributions Hypothesis (MDH) suggests that return volatility is related to the

flow of information into the market (Clark, 1973, Tauchen and Pitts, 1983). While theoretically

appealing, there has been a great deal of debate in the literature regarding appropriate measures

of information flow. In recent years, there have been rapid advances in the capture, storage and

analysis of large volumes of news items. This has led to the development of a new strand of

literature linking electronic news arrivals and market behaviour. Kalev, Liu, Pham, and Jarnecic

(2004) and Kalev and Duong (2011) investigate the impact of firm-specific news arrivals as a

proxy for public information flow in the context of Australian equities. Groß-Klußmann and

Hautsch (2011) use news data for individual equities traded on the London Stock Exchange

sampled at high frequency to examine how news arrivals influence trading activity in individual

stocks. Riordan, Storkenmaier, Wagener, and Sarah Zhang (2013) focus on the impact of

newswire messages on intraday price discovery, liquidity, and trading intensity of Canadian

stocks. Using news headlines relating to constituents of the S&P 500, Smales (2014) examines

the relationship between aggregate news sentiment and changes in the implied volatility index,

the VIX index.

Moving beyond a single asset, there are wide range of multivariate GARCH-style models for

capturing the correlation between asset returns. For a comprehensive review of such models

see Silvennoinen and Terasvirta (2009). However, correlation is a linear pairwise measure of

association and hence is of limited value in understanding broader linkages between multiple

assets. Network analysis offers a framework to achieve this where interconnections between a

potentially large number of assets can be represented as a network. While network analysis

has been used in a range of areas in science, it has gained popularity in the finance literature

since the GFC with Billio, Getmanski, Lo, and Pellizzon (2012) and Diebold and Yilmaz (2014)

proposing network models of systemic risk. Diebold and Yilmaz (2014) propose a number

of summary measures of network structure. These measures relate to the importance of an

individual firm or asset in relative to the broader market or portfolio, how the overall market

or portfolio impacts on an individual firm or asset and the overall structure, or strength of

connections in the network. Here these measure of used to examine how information, or news

flow influences the interactions between individual stocks and a larger portfolio (and vice-versa)

along with the overall structure of linkages within the portfolio. A method to directly attribute

linkages to either news flow or simply volatility spillovers is proposed. The same measures of

firm specific news arrivals used in the studies relating to volatility will be used here.

Estimates of total market connectedness are found to increase around the GFC, and have not
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fallen since. This seems to indicate a fundamental change in the market (network) structure

as a result of the GFC. In terms of the impact of news flow, at the total connectedness level

it is found that lower news sentiment leads to greater connectedness. At the individual firm

level, linkages from individual stocks (known as centrality) and to individual stocks (fragility)

increases with greater news flow and lower sentiment.

The importance of news arrivals change over time. Conditional on either market volatility, or an

index of broad macroeconomic conditions as measures of overall market conditions, the impact

of sentiment at a firm level changes. Firms that experience news with negative sentiment during

times of market turmoil, become more centrally important in the market structure and hence

will have a greater impact on other firms in the network.

Total connectedness in volatility driven directly by news flow peaked during the GFC and fell

thereafter. This in contrast to the estimate based on only volatility spillovers. Clearly there

has been shift in market dynamics, connectedness remains high though the influence of news

has diminished. Factors other than news are clearly driving the overall network structure in the

volatility of the individual firms.

2 Data

This study considers a portfolio of 15 large stocks (members of the Dow Jones Industrial Aver-

age) for the period 28 January 2003 to 05 December 2011, representing 2218 trading days. A list

of the stocks and their tickers can be found in Appendix A. A description of both the intraday

price data required for the estimation of volatility and the news arrival data now follow.

2.1 Estimating volatility

Split and dividend adjusted prices for are sampled at a 10-minute frequency to construct esti-

mates of daily volatility. Given these prices, define the j − th discrete-time return within day t

as

rtk = p(t−1)+ k
M
− p(t−1)+ k−1

M
, k = 1, 2, ....M, (1)

where M refers to the number of intraday equally spaced returns over the trading day t. As such,

the daily return for the active part of the trading day equals rt =
∑M

k=1 rtk . As noted in An-

dersen and Bollerslev (1998), Andersen, Bollerslev, Diebold, and Labys (2003), and Barndorff-

Nielsen and Shephard (2002), the quadratic variation of the process can be estimated by realized

volatility (RV ), which is defined as the sum of the intraday squared returns, i.e.

RVt ≡
M∑
k=1

r2tk . (2)

A series of daily RV estimates for each stock are constructed, with the network structure

underlying these estimates examined in the subsequent empirical analysis.
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2.2 Firm specific news data

To capture public new flow, pre-processed news data from the Thomson Reuters News Analytics

database is used. The text of news items broadcast over the Reuters network is analysed using

a linguistic pattern recognition algorithm. This analysis produces a number of characteristics

relating to each news item including the sentiment or tone. For the purpose of this paper, the

volume of firm specific news for each day and its associated sentiment are employed. News

for day t is aggregated over the period 4:00PM on day t − 1 to 9:00 AM on day t for each

firm. For each individual news item, sentiment is measured as -1,0 or 1 for negative, neutral

and positive tones respectively. From the individual news items, NFj,t and NSj,t representing

the total number and the average sentiment of the of news items for each firm j on day t are

constructed.

3 Volatility connectedness

3.1 Measuring volatility connectedness of firms

In this section, we briefly introduce the econometric theory underlying volatility connectedness

estimation, and we present a detailed description of this approach in Appendix B. In a strongly

connected financial system, this theory enables us to obtain an estimate of total connectedness of

the whole system, an estimate of the total directional connectedness to others from an individual

firm and the total directional connectedness from others to an individual firm on each day. These

estimates enable us to analyze how the volatility shocks originate and transmit within a system

and how the whole system is connected by volatility spill-over effects.

Recent advances in the econometrics of network risk analysis show that the traditional vector

autoregressive (VAR) model along with variance decompositions provide a natural and insightful

framework to measure network connectedness of a panel of financial time series (Diebold and

Yilmaz (2014)). By treating RV as the object of direct interest, the connectedness in the

volatility of the 15 firms can be estimated by a time-varying parameter VAR (TVP-VAR)

model as follows:

yt = Ztβt + εt, (3)

and

βt+1 = βt + ut, (4)

where yt is a 15× 1 vector containing observations of the time series of RVs and Zt is a 15× k
matrix defined so that each TVP-VAR equation has an intercept and p lags of the 15 variables.

Thus, k = 15(1 + 15p). Following Diebold and Yilmaz (2014) p is set to p = 3. εt is i.i.d.

N(0,Σt) and ut is i.i.d. N(0,Qt). εt and ut are independent of one another for all t. The

parameter vector βt follows an AR(1) process allowing for time-varying coefficients and hence

time-varying estimates of network structure.

This modeling framework allows an estimate of connectedness in volatility to be generated by
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Table 1: Network Connectedness Matrix

Y1 Y2 · · · YN From Others

Y1 dH11 dH12 · · · dH1N
∑N

j=1 d
H
1j , j 6= 1

Y2 dH11 dH12 · · · dH1N
∑N

j=1 d
H
2j , j 6= 2

...
...

...
. . .

...
...

YN dH11 dH12 · · · dH1N
∑N

j=1 d
H
Nj , j 6= N

To Others
∑N

i=1 d
H
i1 , i 6= 1

∑N
i=1 d

H
i2 , i 6= 2

∑N
j=1 d

H
iN , i 6= N 1

N

∑N
j=1 d

H
ij , i 6= j

assessing the shares of forecast error variation in one firm’s RV due to shocks arising from

other firms’ RVs. This is related to a familiar econometric notion of a variance decomposition

in which the forecast error variance of variable i is decomposed into parts attributed to other

variables in the system. Denoting the ijth H-step variance decomposition by dHij that measures

the fraction of variable i′s H-step forecast error variance due to shocks in variable j, dHij has a

form as follows:

dHij,t =
σ−1jj,t

∑H−1
h=0 (e

′
i,tAt,HΣH

t ej,t)
2∑H−1

h=0 (e
′
i,tAt,HΣH

t At,H
′
ei,t)

, (5)

where ej,t is a selection vector with jth element unity and zeros elsewhere at time t, At,H is the

coefficient matrix of the H-lagged shock vector in the infinite moving-average representation

of the VAR model, ΣH
t is the covariance matrix of the shock vector in the VAR, and σjj,t is

the jth diagonal element of ΣH
t . As shocks are correlated here, sums of forecast error variance

contributions are not necessarily unity. Therefore, dHij,t is normalized to ˜dHij,t by

˜dHij,t =
dHij,t∑N
j=1 d

H
ij,t

. (6)

The structure in the network can be summarised in a number of connectedness measures which

can be constructed from ˜dHij,t. A more detailed description of the estimation and variance

decomposition procedures are provided in Appendix B.

To understand the construction of, and interpretation of the connectedness measures it is useful

to summarize the variance decomposition in a network connectedness table in the form of spill-

over effect as shown in Table 1. A series of volatility connectedness measures can be generated

from these spill-over effects to reflect the characteristics of the whole system and each individual

firm.

In Table 1, the main upper-left 15×15 block contains the variance decomposition and is denoted

by DH = [dHij ], where H is the forecast horizon. The whole connectedness table simply augments

DH with a rightmost column containing row sums, a bottom row containing column sums, and

a bottom-right element containing the grand average, in all cases for i 6= j. The off-diagonal

entries of DH are the parts of the 15 forecast error variance decompositions of relevance from

a connectedness perspective. In particular, they measure pairwise directional connectedness.

Hence we define the pairwise directional connectedness from j to i as

CHi←j = dHij . (7)
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Note that in general CHi←j 6= CHj←i, so there are 152 − 15 separate pairwise directional connect-

edness measures. Now consider not the individual elements of DH , but rather its off-diagonal

row or column sums known as the total directional connectedness measures. That is, we define

total directional connectedness from others to i as

Ci←• =

N∑
j=1,j 6=i

dHij , (8)

and total directional connectedness to others from j as

C•←j =
N∑

i=1,i 6=j
dHij . (9)

In fact, Ci←• reflects how the volatility shocks occurring in other firm influences the volatility

of the ith firm, identifying the degree of fragility (systemic exposure) of a firm in the system.

C•←j reflects how the volatility shocks in jth firm will influence the volatility of all other firms,

identifying the degree of centrality (systemic contribution) of a firm in the system. Finally, the

grand total of the off-diagonal entries in DH measures total connectedness,

CH =
1

N

N∑
i,j=1,i 6=j

dHij . (10)

This measure distills the total structure in the system into a single number reflecting the total

interdependency in the system. Ci←• and C•←j are denoted as fi,t and ci,t for ith firm at time

t, and CH as TCt at time t in the following analysis.

These volatility network risk measures defined here are rather more sophisticated than the

classical network measures. First, the connection measures are weighted. It is not filled simply

with 0-1 entries but with a specific number that indicates some of connections are potentially

strong and others are potentially weak. Second, the connection measures are not symmetric.

That is, the strength of the ij link is not necessarily the same as that of the ji link. These

measures are simply a transformation of model parameters, so time-varying parameters in the

model effectively allows for time-varying connectedness measures so that we can analyze the

dynamic behavior of these measures when exogenous condition (such as, fundamental news)

evolves. Following Diebold and Yilmaz (2014), we use VAR(3) model with 12-step forecast

error variance decomposition to construct these measures.

3.2 Preliminary results

The full sample connectedness table appears as Table 2. As the connectedness change over time,

this table summarizes the average of total connectedness across the full sample period. There

is little to distill from the many individual linkages at this stage, though interesting patterns

are evident in the total centrality (CT in the final column) and fragility (FT in the final row)

estimates. There is little variation in the estimates of centrality across the 15 stocks, thus no

one single stock is more important than the others. This is probably of little surprise given the

nature of the stocks, all very large stocks across a range of industries. However, there clearly
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is variation in the fragility of the individual firms to shocks to volatility from other. The most

resilient is Merck & Co. (MRK), while United Technologies Corporation (UTX) and Exxon

Mobil (XOM) are the most fragile.

Figure 1 depicts the time-varying total market connectedness. It is very clear that since the

onset of the GFC, the total degree of connectedness has increased and has remained at these

higher levels even after overall volatility has subsided. Figure 2 and Figure 3 plots the time-

varying centrality and fragility of individual firms respectively. In terms of the time series

behaviour of the centrality of individual firms is mixed, while many did increase around the

time of the GFC, the centrality for many firms has fallen once again. In contrast, the fragility

of virtually all firms has increased significantly since the GFC. Clearly an implication of the

greater connectedness between firms if that overall they are more fragile to shocks across the

market.
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Table 2: Full-Sample Connectedness Table. The full sample period is from Nov 14, 2003 to Dec 05, 2011, and the predictive horizon is 12 days.

The ijth entry of the upper-left 15 × 15 firm submatrix gives the ijth pairwise directional connectedness, that is, the proportion of 12-day-ahead

forecast error variance of firm i due to shocks from firm j. The rightmost (CT) column gives total directional connectedness from firm i to others

(the degree of centrality), that is, the sum of the row, and the bottom (FT) row gives total directional connectedness from others to firm j (the

degree of fragility), that is, the sum of the column. The last element in the right bottom corner (TT) gives the total connectedness of the whole

system.

MMM AA BA CAT KO DD XOM INTC IBM JNJ MCD MRK UTX WMT DIS CT

MMM 0.226 0.048 0.074 0.066 0.054 0.052 0.069 0.041 0.060 0.051 0.061 0.035 0.061 0.042 0.059 0.774

AA 0.048 0.233 0.068 0.060 0.056 0.057 0.055 0.046 0.069 0.053 0.047 0.037 0.062 0.053 0.054 0.767

BA 0.065 0.050 0.192 0.073 0.057 0.058 0.067 0.047 0.058 0.059 0.058 0.031 0.077 0.047 0.060 0.808

CAT 0.055 0.052 0.075 0.207 0.062 0.057 0.066 0.048 0.052 0.056 0.062 0.034 0.069 0.043 0.063 0.793

KO 0.042 0.049 0.062 0.067 0.216 0.064 0.067 0.056 0.047 0.064 0.060 0.040 0.065 0.048 0.053 0.784

DD 0.046 0.055 0.064 0.060 0.062 0.211 0.067 0.051 0.060 0.056 0.056 0.032 0.062 0.067 0.051 0.789

XOM 0.054 0.047 0.061 0.063 0.060 0.060 0.193 0.054 0.061 0.061 0.063 0.037 0.073 0.052 0.061 0.807

INTC 0.037 0.046 0.051 0.059 0.065 0.057 0.062 0.219 0.046 0.070 0.061 0.045 0.068 0.053 0.060 0.781

IBM 0.059 0.065 0.066 0.054 0.051 0.059 0.071 0.045 0.230 0.056 0.051 0.032 0.059 0.049 0.052 0.770

JNJ 0.044 0.047 0.059 0.059 0.060 0.056 0.067 0.063 0.053 0.211 0.060 0.040 0.067 0.053 0.061 0.789

MCD 0.052 0.045 0.061 0.067 0.059 0.057 0.071 0.056 0.049 0.058 0.205 0.039 0.078 0.045 0.058 0.795

MRK 0.039 0.039 0.047 0.050 0.050 0.043 0.050 0.051 0.040 0.048 0.055 0.344 0.053 0.038 0.054 0.656

UTX 0.049 0.046 0.068 0.067 0.057 0.056 0.075 0.056 0.053 0.061 0.071 0.037 0.187 0.050 0.067 0.813

WMT 0.037 0.056 0.059 0.054 0.056 0.075 0.057 0.053 0.051 0.061 0.050 0.032 0.059 0.237 0.061 0.763

DIS 0.051 0.048 0.062 0.067 0.056 0.051 0.063 0.057 0.050 0.059 0.058 0.040 0.072 0.056 0.212 0.788

FT 0.677 0.692 0.877 0.867 0.805 0.802 0.907 0.725 0.750 0.814 0.814 0.512 0.925 0.695 0.816 0.779(TT)
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4 Fundamental News Information and Volatility Connectedness

In this section, the link between news flow, and connectedness at a firm level (centrality and

fragility) and total market level are considered.

4.1 Empirical results of news impact

Market level evidence To examine the impact of news on the behavior of total market

volatility connectedness, we regress total market connectedness on news related variables and

other control variables using the following specification:

TCt = γ0 + γ1RVindex + γ2

N∑
j=1

NFj,t + γ3
1

N

N∑
j=1

NSj,t + εi,t, (11)

where TCt is the total connectedness of the whole system at time t, and NFj,t and NSj,t are

the news flow (No. of news) and the aggregated news sentiment of firm j at time t respec-

tively. Therefore,
∑N

j=1NFj,t represents the total number of news of the 15 firms at time t

and 1
N

∑N
j=1NSj,t represents the average news sentiment across the 15 firms. RVindex is the

realized volatility of the DJ index, as a measure of overall market conditions, is used to control

for market conditions.

Table 3: Regression Results of the Impact of News on Connectedness

Centrality Fragility total market

pool panel pool panel

Constant 0.7377 0.7489 0.7362 0.7504 0.7368

342.9219 461.8621 272.7534 687.8158 77.4195

DJ index RV 47.3667 45.0114 41.9731 42.6709 42.3451

17.6213 18.1027 23.5252 24.4637 6.8415

No. of News 0.0005 0.0012 0.0001 0.0001 0.0001

2.7525 5.9942 3.6542 3.2012 0.9435

News Sentiment -0.0138 -0.0178 -0.0772 -0.0677 -0.0726

-4.1592 -5.6745 -10.4886 -9.3967 -2.7653

The parameters estimates for this specification are reported in the last column of Table 3. The

first row represents results for the intercept, the second row shows the results for DJ index RV,

and the last two columns present results for the news flow and sentiment. The corresponding t-

stats based on standard errors that are robust to heteroscedasticity and arbitrary within-cluster

correlation are reported in the bracket. The significantly positive coefficient of DJ index RV

confirms that the market exhibits greater interdependence when the market is more volatile.

The coefficient on sentiment of news is significant and negative, indicating that as negative

news on average arrives the connectedness across the portfolio increases. The estimate of the

coefficient on the volume of news is very small and insignificant.

Firm level evidence Next, firm level connectedness measures are regressed on news related
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Figure 1: Time-varying Total Connectedness. The time-varying total connectedness is estimated

from a TVP-VAR model, and the predictive horizon for the underlying variance decomposition

is 12 days. The sample period is from Nov 14, 2003 to Dec 05, 2011.
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Figure 2: Time-varying centrality of DJ firms. The time-varying centrality is estimated from a

TVP-VAR model, and the predictive horizon for the underlying variance decomposition is 12

days.
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Figure 3: Time-varying fragility of DJ firms. The time-varying fragility is estimated from a

TVP-VAR model, and the predictive horizon for the underlying variance decomposition is 12

days.
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variables,

fi,t = α0 + α1RVindex + α2

N−1∑
j=1,j 6=i

NFj,t + α3
1

N − 1

N−1∑
j=1,j 6=i

NSj,t + εi,t

ci,t = β0 + β1RVindex + β2NFi,t + β3NSi,t + εi,t

where fi,t and ci,t are the degree of fragility and centrality of firm i at time t respectively, and

NFj,t and NSj,t are the news flow (No. of news) and the aggregated news sentiment of firm

j at time t. Therefore,
∑N

j=1NFj,t represents the total number of news of the 15 firms at t

and 1
N

∑N
j=1NSj,t represents the average news sentiment across the 15 firms. RVindex is the

realized volatility of DJ index which is used to control for overall market conditions. We run

both pool regression with 2018 observations and panel regression with firm-year fixed effects for

the two firm level connectedness measures, and the results are reported in the first four columns

of Table 3. The first two columns contain the results for the firm’s degree of centrality and the

second two columns contain the results for the firm’s degree of fragility. The corresponding t-

stats based on standard errors that are robust to heteroscedasticity and arbitrary within-cluster

correlation are also reported.

Significantly positive estimates of the coefficients on RVindex in both models indicate that the

two firm level connectedness measures increase when the market is more turbulent.

With respect to the impact of news on fi,t, positive and negative estimates on
∑N−1

j=1,j 6=iNFj,t

and 1
N−1

∑N−1
j=1,j 6=iNSj,t respectively are found. These results imply that the degree of a firm’s

fragility increases when other firms either experience a greater volume of news or lower sentiment

of news, and are hence more susceptible to chocks from other firms. In terms of ci,t, estimates of

the coefficients on NFi,t and NSi,t in the regression model of ci,t are also significantly positive

and negative. These results indicate that the degree of a firm’s centrality increases when the

firm in question is associated with more news, that is more negative in sentiment.

4.2 Does the impact of news change?

This section presents results to show whether the impact of news changes on market connect-

edness change over time in response to market conditions. Two measures of market conditions

are used. The first is RVt, the volatility of the Dow Jones Index returns used earlier. The

second is the Aruoba-Diebold-Scotti business conditions index, denoted below as BCt to cap-

ture the state of the broader macroeconomy. The index is based on a combination of, weekly

initial jobless claims, monthly payroll employment, industrial production, personal income less

transfer payments, manufacturing and trade sales and quarterly real GDP. To capture changes

in market conditions two indicator variables are defined. I(BCt < 0) indicates below average

macroeconomic conditions, and I(RVt > RV ) indicates above average volatility.
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The following set of regressions based on both measures are estimated,

TCt = γ0 + γ1BCt + γ2

N∑
j=1

NFj,t

+ γ3
1

N

N∑
j=1

NSj,t + γ5

N∑
j=1

NSj,t × I(BCt < 0) + εi,t,

fi,t = α0 + α1BCt + α2

N−1∑
j=1,j 6=i

NFj,t

+ α3
1

N − 1

N−1∑
j=1,j 6=i

NSj,t + α4

N−1∑
j=1,j 6=i

NSj,t ×+I(BCt < 0)εi,t,

ci,t = β0 + β1BCt + β2NFi,t + β3NSi,t + β4NSi,t × I(BCt < 0) + εi,t,

where BCt is replaced with RVt and I(BCt < 0) is replaced with I(RVt > RV ).

Tables 4 and 5 contain the regression results based BCt and RVt respectively. Table shows that

4 as business conditions deteriorate, total market connectedness increases, along with firm level

fragility and centrality. The volume of news and sentiment continue to have positive and negative

impacts on the connectedness measures respectively. The same pattern of results is evident in

Table 5, with increased volatility leading to greater connectedness. Significant estimates of γ4 in

the centrality regressions indicates that when individual firms experience negative news arrivals

during times of market turmoil this leads to them becoming more systemically important within

the network. In contrast, negative news arrivals during such times across the stocks have no

further impact on total market connectedness.

Table 4: Regression results based on BCt and I(BCt < 0).

Centrality Fragility total market

pool panel pool panel

γ0 0.7396 0.7492 0.7401 0.7529 0.7409

349.8688 474.9544 272.7143 707.5783 77.3511

γ1 -0.0298 -0.0281 -0.0263 -0.0269 -0.0266

-17.8831 -18.1821 -23.1999 -24.2233 -6.7573

γ2 0.0005 0.0012 7.26E-05 5.68E-05 5.73E-05

2.4880 5.7070 2.5800 2.0541 0.61541

γ3 0.0220 -0.0065 -0.0515 -0.0421 -0.0745

4.1004 -1.2943 -4.4534 -3.7009 -2.2410

γ4 -0.0120 -0.0170 -0.0273 -0.0271 0.02935

-1.7748 -2.7209 -1.8756 -1.9042 0.56660

5 A Model of Estimating Information Driven Volatility Con-

nectedness

This section proposes an approach to directly measure the degree of volatility connectedness that

is driven by news flow. This is an alternative view to first estimating measures of connectedness

and then subsequently relate them to the characteristics of the news flow.
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Table 5: Regression results based on RVt and I(RVt > RV ).

Centrality Fragility total market

pool panel pool panel

γ0 0.7377 0.7487 0.7362 0.7503 0.7368

343.0178 461.7627 272.7602 685.5838 77.4056

γ1 46.7564 44.3181 41.5693 42.2352 41.8761

17.3713 17.8028 23.0093 23.9143 6.6779

γ2 0.0005 0.0012 9.84E-05 8.4E-05 8.32E-05

2.5192 5.7330 3.5337 3.07041 0.9033

γ3 0.01945 -0.0114 -0.0720 -0.0621 -0.0664

5.4096 -3.3452 -8.7634 -7.7211 -2.2616

γ4 -0.0366 -0.0416 -0.0275 -0.0297 -0.0322

-4.0421 -4.9727 -1.4211 -1.5714 -0.4690

5.1 The structure of the model

Once again, a similar VAR framework is employed with news flow directly included as exogenous

variables is the following specification,

yt = Ztβt +NVtγt + υt, (12)

and

Θt+1 = Θt + µt. (13)

yt again is a vector including 15 times series of RVs, Zt contains an intercept and three lags of

each variable in yt and NVt is a 15×K matrix containing the news flow (NFt) and sentiment

(NSt) of each firm and their first lags. Thus, K = 15(15×4). The model coefficients Θt = (βt, γt)

follow an AR(1) process. υt is i.i.d N(0,Λt) and µt is i.i.d N(0, Pt). υt and µt are independent

of one another for all t. That is, the RV at time t is not only driven by their own histories, but

also the news arrival process.

Using such a specification news driven volatility connectedness measures identifying volatility

spill-over effects only driven by news may be obtained. Once again, the H-step variance decom-

position is used to construct these measures, but the focus is only on the forecast error variance

driven by the news related exogenous variables. Denote the ijth H-step variance decomposition

driven by news as dHnews,ij . This measures the fraction of the H-step forecast error variance of

firm i′s RV due to information shocks in firm j. dHnews,ij therefore can be formed from

dHnews,ij,t =
σ−1NVjj,t

∑H−1
h=0 (e

′
i,tΓ

H
t ΣH

NV,tej,t)
2∑H−1

h=0 (e
′
i,tΓ

H
t ΣH

NV,tΓ
H′
t ei,t)

, (14)

where ej,t is a selection vector with jth element unity and zeros elsewhere at time t, ΓHt is

the coefficient matrix of the H-lagged information shock vector in the infinite moving-average

representation of the VAR model, ΣH
NV,t is the covariance matrix of the information shock vector

in the VAR, and σNV,jj,t is the jth diagonal element of ΣH
NV,t.
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We also normalize dHnews,ij,t to d̃Hnews,ij,t so that we have

d̃Hnews,ij,t =
dHnews,ij,t∑N
j=1 d

H
news,ij,t

. (15)

All of the information driven connectedness measures described earlier can be constructed based

on d̃Hnews,ij,t using the procedure stated in Section 3.

As equation 14 shows, the information driven volatility connectedness largely depends on the

matrix ΓHt that reflects the information network structure of a system. We will discuss a few

interesting cases to illustrate how the matrix ΓHt describes the information network structure.

• No information effect: when the matrix ΓHt is equal to the null matrix, fundamental

information (news has no impact on RV, and therefore there is no information driven

volatility connectedness.

• Disconnected network: when the matrix ΓHt is diagonal that is cross interaction terms

are all zeros, the firm information has no cross effect on firm’ RV and thus each firm’s RV

is affected only by its own information shock.

• Star network: when the matrix ΓHt is a zero matrix except for the column i which

is composed by elements equal to γij,t for i = 1, 2, ..., n, there is only one firm (firm i)

influencing all the other firms in the system.

• Inverse star network: when the matrix ΓHt is a zero matrix except for the row i which

is composed by elements equal to γij,t for i = 1, 2, ..., n, there is only one firm (firm i)

receiving impacts from other firms in the system.

• Circle network: when the elements of the matrix ΓHt are zeros except for those located

in first diagonal below the main diagonal and for the one located in the upper right corner,

the firm i affects firm i+ 1 and it is being affected by firm i− 1.

• Fully connected network: when all the elements in matrix ΓHt are not zeros, each firm

is connected with the rest of the firms in the system.

5.2 Results

Table 6 reports the average directional news drive linkages, centrality and fragility estimates.

Rankings in terms of centrality are broadly similar to the earlier case. In a cross-sectional sense,

the most (least) central firms seem to have the most (least) news driven centrality. This result

implies that news play an role in explaining the centrality of individual firms. There seems to

be a greater degree of variation in the news drive fragility estimates. However in contrast, the

rankings of across the stocks in terms of news driven fragility is quite different to the earlier

case solely based on volatility spillovers. Linkages to firms in terms of fragility driven by news

is somewhat different to the linkages based solely on volatility spillovers.

Figure 4 shows the time-varying news driven total market connectedness. This paints somewhat

of a different picture to the behaviour of total connectedness presented earlier in Figure 1 based
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solely on volatility spillovers. The news driven connectedness increases around the time of the

GFC, a period with intense flows of negative news but then decreases after this period. In

contrast, volatility driven connectedness remains at it peaks implying that news plays a lesser

role in the market structure post GFC.

Figure 5 and Figure 6 show the time-varying news driven centrality and fragility of individual

firms. In contrast these are more idiosyncratic in nature certainly since the GFC. These estimate

seem to confirm that the market structure has changed since the GFC and news has become

less important.

17



Table 6: Full-Sample Information Driven Connectedness Table. The full sample period is from Nov 14, 2003 to Dec 05, 2011, and the predictive

horizon is 12 days. The ijth entry of the upper-left 15× 15 firm submatrix gives the ijth pairwise directional connectedness, that is, the proportion

of 12-day-ahead forecast error variance of firm i due to information shocks from firm j. The rightmost (Centrality) column gives total directional

connectedness from firm i to others, that is, the sum of the row, and the bottom (Fragility) row gives total directional connectedness from information

shocks of others to firm j, that is, the sum of the column.

MMM AA BA CAT KO DD XOM INTC IBM JNJ MCD MRK UTX WMT DIS Centrality

MMM 0.0516 0.1025 0.0675 0.0660 0.0501 0.0497 0.0696 0.0673 0.1494 0.0521 0.0333 0.0675 0.0519 0.0637 0.0578 0.9484

AA 0.0514 0.0744 0.0562 0.0458 0.0352 0.0350 0.0871 0.0531 0.2754 0.0497 0.0363 0.0443 0.0574 0.0572 0.0414 0.9256

BA 0.0488 0.1147 0.0429 0.0518 0.0418 0.0454 0.0796 0.0670 0.1642 0.0508 0.0601 0.0554 0.0557 0.0620 0.0598 0.9571

CAT 0.0500 0.0618 0.0526 0.0375 0.0461 0.0517 0.0933 0.0652 0.2023 0.0703 0.0323 0.0610 0.0674 0.0547 0.0537 0.9625

KO 0.0576 0.0711 0.0676 0.0536 0.0630 0.0547 0.0641 0.0576 0.1385 0.0571 0.0459 0.0793 0.0638 0.0549 0.0711 0.9370

DD 0.0589 0.0945 0.0578 0.0561 0.0432 0.0404 0.0737 0.0612 0.1297 0.0638 0.0438 0.0689 0.0527 0.0857 0.0696 0.9596

XOM 0.0583 0.0513 0.0699 0.0469 0.0608 0.0601 0.1025 0.0751 0.1245 0.0616 0.0426 0.0657 0.0501 0.0688 0.0618 0.8975

INTC 0.0760 0.0663 0.0506 0.0547 0.0462 0.0484 0.0914 0.0614 0.1583 0.0396 0.0375 0.0760 0.0548 0.0600 0.0788 0.9386

IBM 0.0714 0.0785 0.0654 0.0460 0.0356 0.0524 0.0844 0.0686 0.1247 0.0661 0.0445 0.0604 0.0634 0.0751 0.0634 0.8753

JNJ 0.0549 0.0760 0.0480 0.0640 0.0530 0.0610 0.0651 0.0494 0.1495 0.0689 0.0519 0.0676 0.0512 0.0760 0.0637 0.9311

MCD 0.0505 0.0736 0.0731 0.0682 0.0413 0.0416 0.0787 0.0595 0.1935 0.0481 0.0301 0.0781 0.0437 0.0587 0.0614 0.9699

MRK 0.0494 0.0867 0.0545 0.0561 0.0362 0.0417 0.0679 0.0578 0.1253 0.0537 0.0717 0.1122 0.0563 0.0664 0.0641 0.8878

UTX 0.0593 0.0816 0.0731 0.0633 0.0377 0.0403 0.0861 0.0718 0.1476 0.0586 0.0477 0.0605 0.0509 0.0566 0.0649 0.9491

WMT 0.0628 0.0650 0.0499 0.0602 0.0622 0.0481 0.0685 0.0407 0.1302 0.0997 0.0489 0.0538 0.0582 0.0601 0.0915 0.9399

DIS 0.0545 0.0821 0.0821 0.0523 0.0367 0.0521 0.0646 0.0777 0.1217 0.0523 0.0460 0.0633 0.0609 0.0737 0.0799 0.9201

Fragility 0.8038 1.1057 0.8685 0.7849 0.6261 0.6821 1.0742 0.8721 2.2103 0.8235 0.6426 0.9018 0.7874 0.9136 0.9031 0.9333(TT)
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6 Robustness Check

As a robustness check the same analysis presented in Section 4.1 is repeated with intraday

estimates of volatility. 1-minute returns are used to construct 5-minute RV estimates. These

5-minute RV estimates from are then directly used in the analysis presented in Section 3.1 to

construct measures of connectedness at a weekly frequency. These measures of connectedness

are then related to news arrivals observed over the corresponding weekly periods, with the result

reported in Table 7. While this analysis is conducted at a lower frequency, and without the

use of time-varying parameter models (one fixed parameter model for each week), it clear that

same impact of news flow is evident. Higher index level volatility increases both firm specific

and total market connectedness. Increased news flow leads to greater centrality and fragility

at an individual firm level. Finally, lower sentiment leads to increase in both firm specific and

market level connectedness.

Table 7: Regression results of 5-min RV within in a weekly window

Centrality Fragility total market

pool panel pool panel

Constant 0.8194 0.8113 0.8534 0.8534 0.8540

131.4683 37.5607 536.5255 371.8702 173.0494

DJ index RV 15.3967 12.7931 20.6591 20.6477 20.5125

2.1941 0.6698 17.4994 25.4169 5.0271

No. of News 0.0012 0.0015 0.0000 0.0000 0.0000

8.4344 2.6796 2.7255 1.8068 0.8045

News Sentiment -0.0497 -0.0554 -0.0930 -0.0930 -0.0961

-4.3695 -2.8694 -15.1274 -16.6487 -4.7420

7 Conclusion

There is a long history of empirical research examining the role of news in explaining the

volatility of asset returns. Much of this work focuses on the univariate case for a single asset

over time. Little attention has been paid to the role played by news in explaining the links

between the volatility of individual assets. Network analysis has recently gained popularity in

a range of fields and provides a natural framework within which to examine the connections

between and firms and the role played by firm news arrivals on the market structure.

Building on traditional time series techniques, a number of summary measures of network

structure can be constructed. These measures relate to the importance of an individual firm or

asset in relative to the broader market or portfolio, how the overall market or portfolio impacts

on an individual firm or asset and the overall structure, or strength of connections in the network.

It is found that the total degree of market connectedness has increased since the GFC. Firm

specific news flow is also found to be important in terms both total connectedness and firm

specific centrality and fragility. Both the fragility and centrality of individual firms within the
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Figure 4: News Driven Total Connectedness. The time-varying total connectedness is estimated

from a TVP-VAR model, and the predictive horizon for the underlying variance decomposition

is 12 days.
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Figure 5: Time-varying news driven centrality of DJ firms. The time-varying centrality is

estimated from a TVP-VAR model, and the predictive horizon for the underlying variance

decomposition is 12 days.
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Figure 6: Time-varying news driven fragility of DJ firms. The time-varying fragility is estimated

from a TVP-VAR model, and the predictive horizon for the underlying variance decomposition

is 12 days.
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network increase as their rate of news flow increases and the news if lower is sentiment. At a

total market level sentiment is found to be a significant driver of connectedness. A method to

also construct the degree of connectedness based only on news flow is proposed. It is found

that the degree of connectedness attributable to news flow peaks around the GFC and falls

subsequently. This is in contrast to connectedness based solely on volatility spillovers. This

appears to show that news has become less important in explaining the structure in markets

post-GFC and clearly these linkages are influenced in a different manner.

Appendix A: List of firms considered in this study

MMM 3M Company

AA Alcoa Incorporated

BA The Boeing Company

CAT Caterpillar Incorporated

KO Coca-Cola Company

DD E. I. du Pont de Nemours and Company

XOM Exxon Mobil Company

INTC Intel Corporation

IBM International Business Machines

JNJ Johnson & Johnson

MCD McDonald’s Corporation

MRK Merck & Co.

UTX United Technologies Corporation

WMT Wal-Mart Stores Incorporated

DIS Walt Disney Company

Table 8: List of stock tickers and names.

Appendix B: TVP-VAR model estimation and generalized vari-

ance decomposition

In this section, we provide a detailed description about the approach to estimate TVP-VAR

model using forgetting factors (Gary and Dimitris (2013)). Consider the model described in

Section 3.1,

yt =

p∑
i=1

Φiyt−i +NVtγt + υt, (16)

and

Θt+1 = Θt + µt, (17)

where yt = (y1t, y2t, ..., ymt) is a m × 1 vector of jointly determined dependent variables, and

NVt is a m × d matrix containing a set of news related exogenous variables. Therefore, each

TVP-VAR equation has an intercept, p lags of yt and d× 1 exogenous variables.
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To estimate the model, we make the following standard assumptions:

• Assumption 1 E(εt) = 0, E(εtε
′
t) = Σt for all t, where Σt is an positive definite matrix,

E(εtε
′
t′) = 0 for all t = t′ and E(εt|NVt) = 0.

• Assumption 2 All the roots of |I −
∑p

i=1 Φiz
i| = 0 fall outside the unit circle.

• Assumption 3 zt and NVt are not perfectly collinear.

Under these assumptions, the above model can be rewritten as the infinite moving average

representation,

yt =
∞∑
i=0

At,iεt−i +
∞∑
i=0

Γt,iwt−i, t = 1, 2, ..., T, (18)

where the coefficient matrices At,i can be obtained using the following recursive relations:

At,i = Φ1At,i−1 + Φ1At,i−1 + ...+ ΦpAt,i−p, i = 1, 2, ..., (19)

with At,0 = Im and At,i = 0 for i < 0, and Γt,i = At,iγt.

Next, we outline the forgetting factor method for model estimation. Let Yt = (y1, y2..., yt)

denote observations through time t. Bayesian inference for Θt involves the Kalman filter, and

Kalman filtering then proceeds using:

Θt|Y t−1 ∼ N(Θt|t−1, Vt|t−1), (20)

where Vt|t−1 = Vt|t−1 +Qt. If we replace the above equation by:

Vt|t−1 =
1

λ
Vt|t−1 (21)

there is no longer a need to estimate or simulate Qt . λ is called a forgetting factor which is

restricted to the interval 0 < λ < 1. Note that the above equations imply that Qt = 1
λVt−1|t−1.

Following Gary and Dimitris (2013), we set λ = 0.99.

Finally, the above estimated model parameters can also be used in the derivation of the forecast

error variance decompositions dHij,t, defined as the proportion of the n-step ahead forecast error

variance of variable i which is accounted for by the innovations in variable j in the VAR, and

news driven forecast error variance decompositions dHnews,ij,t, defined as the proportion of the

n-step ahead forecast error variance of variable i which is accounted for by the innovations in

jth news variable in the VAR. The dHij,t and dHnews,ij,t are respectively expressed as

dHij,t =
σ−1jj,t

∑H−1
h=0 (e

′
i,tAt,HΣH

t ej,t)
2∑H−1

h=0 (e
′
i,tAt,HΣH

t At,H
′
ei,t)

, (22)

and

dHnews,ij,t =
σ−1NVjj,t

∑H−1
h=0 (e

′
i,tΓ

H
t ΣH

NV,tej,t)
2∑H−1

h=0 (e
′
i,tΓ

H
t ΣH

NV,tΓ
H′
t ei,t)

. (23)
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