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Abstract

Understanding the determinants of, and forecasting asset return volatility are crucial issues

in many financial applications. Many earlier studies have considered the impact of trading

activity and news arrivals on volatility. This paper develops a range of intraday component

models for volatility and order flow that include the impact of news arrivals. Estimates of

the conditional mean of order flow, taking into account news flow are included in models of

volatility providing a superior in-sample fit. At a 1-minute frequency, it is found that first

generating forecasts of order flow which are then included in forecasts of volatility leads to

superior day-ahead forecasts of volatility. While including overnight news arrivals directly

into models for volatility improves in-sample fit, this approach produces inferior forecasts.
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1 Introduction

Modeling and forecasting volatility are important aspects of many financial applications such as

portfolio formulation, derivatives trading and risk management. Effectively modeling and fore-

casting intraday volatility is also important for market participants such as derivative traders

and portfolio managers as it enables them to analyse high frequency measures of risk or varying

hedge ratios and make more informed trading decisions. The main characteristic of intraday

volatility is the U-shaped diurnal pattern across the trading day (Wood, McInish, and Ord,

1985, Harris, 1986, Andersen and Bollerslev, 1997, Engle and Sokalska, 2012). This diurnal

pattern has presented problems for conventional volatility models usually applied at lower fre-

quencies, which has necessitated the creation of multiplicative models that estimate intraday

volatility using three components: daily, intraday and diurnal. In order to capture the diur-

nal patterns in intraday volatility, the majority of the current literature applies the two-step

approach of Andersen and Bollerslev (1997). However, Ito (2013) suggests that the two-step

procedure may cause the asymptotic properties of relevant statistical tests to be invalid. The

daily component has been modeled in other studies by using commercially available volatility

forecasts (Engle and Sokalska, 2012) or using Generalised Auto Regressive Conditional Het-

eroscedasticity (GARCH) models to forecast volatility (Andersen and Bollerslev, 1997). The

intraday component is generally modeled using a GARCH specification (Engle and Sokalska,

2012).

Apart from forecasting, the underlying factors that drive volatility must be understood. The

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

information into the market (Clark, 1973, Epps and Epps, 1976, Tauchen and Pitts, 1983,

Harris, 1986, Kalev and Duong, 2011). Early studies such as Clark (1973), tested the MDH

by using trading volume as a proxy for information flows to study the relationship between

volatility and the flow of information. However, subsequent research by Lamoureux and Las-

trapes (1994) found that volume is a poor proxy for information flow as volume is endogenous.

With the availability of high frequency financial data, recent studies have examined the link

between order flow which reflects trading activity and volatility. Evans and Lyons (2002) and

Berger, Chaboud, and Hjalmarsson (2009) found that the persistence order flow helps explain

the observed persistence in volatility in the foreign exchange market, a finding also confirmed

by Opschoor, Taylor, van der Wel, and van Dijk (2014) in the bond market. However, literature

regarding the relationship between order flow and intraday volatility in the equity market is

limited.

The most common proxy for measuring the impact of public information on volatility are

macroeconomic news announcements (Ederington and Lee, 1993, Berry and Howe, 1994, Bal-

duzzi, Elton, and Green, 2001, Andersen, Bollerslev, Diebold, and Vega, 2007). These studies

generally suggest that surprises in macroeconomic announcements have a large influence on

the volatility of returns across different markets. In contrast, other studies such as Kalev,
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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 Lon-

don 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. However, both Gross-Klussmann and Hautsch (2011) and Riordan et al.

(2013) only consider intraday news arrivals and ignore the possible impact that overnight news

arrivals may have on trading during the day. Ho, Shi, and Zhang (2013) examines the rela-

tionship between the volatility of Dow Jones 65 stocks and public news sentiment based on

firm-specific and macroeconomic news announcements and their sentiment scores. Using news

headlines relating to constituents of the S&P 500, Smales (2013) examines the relationship

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

Thus far, no prior research has examined the impact of news on order flow, or intraday order

flow on volatility in the context of equities. Using the volume and sentiment of news arrivals

(intraday and overnight), and intraday return and trading activity data (at a 1- and 5-minute

frequency) for BHP Billiton Limited (BHP) this paper attempts to address these issues. The

role of both overnight and intraday news arrivals on intraday order flow will be examined. After

taking the impact of news flow into account, the influence of order flow on intraday volatility

will then be investigated. To accomplish this, a range of three component intraday models are

proposed employing the Dynamic Conditional Score (DCS) framework of Harvey (2013). The

DCS approach is useful for modelling and forecasting as it offers a simple framework to estimate

multiple component models by maximum likelihood using an exponential link function, avoiding

the necessity of positivity constraints. A volatility forecasting exercise is undertaken where the

benefit of generating volatility forecasts based on order flow forecasts will be examined.

In the context of the DCS model for order flow assuming F-distributed errors, the inclusion of

intraday and overnight news and sentiment improves in-sample fit. The fitted log conditional

mean of order flow from this model is included in the volatility model making it possible to

simultaneously examine the impact of news and order flow on volatility while avoiding endo-

geneity issues. Including the conditional mean of order flow improves the in-sample fit of the

volatility models relative to the basic model with no explanatory variables. In terms of fore-

cast performance, including news flow and forecasts of trading activity improve the accuracy of

volatility forecasts over the whole trading day, and virtually all parts thereof, at the 1-minute

frequency. However the same gains in forecast accuracy from first forecasting order flow are not

evident at the lower frequency of 5-minutes also considered here. While providing improvements

in in-sample fit, directly including overnight news in to the volatility models leads to inferior

volatility forecasts relative to the case based on order flow forecasts.

The paper proceeds as follows. Section 2 analyses the dataset used in this paper. This includes

the 1-minute and 5-minute BHP return data, order book information and elements of the
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Thomson Reuters News Analytics database. Section 3 comprehensibly explains the intraday

DCS methodology used in this paper and how it is applied. Section 4 provides a full discussion

of the results found. Section 5 demonstrates the effectiveness of the intraday DCS models to

forecast volatility. Section 6 concludes.

2 Data

This paper uses 1-minute and 5-minute data for the period January 4 2011 to December 29 2012

relating to BHP traded on the Australian Stock Exchange (ASX). Days with trading halts are

removed, leaving 169,750 1-minute and 33,950 5-minute observations across 485 trading days.

The trading day begins at 10:10 AM and ends at 4:00 PM, Monday to Friday. The ASX applies

an algorithm to determine the opening price of the security by using the buy and sell orders

available, with the goal of maximising the number of shares traded. This process begins at

10:00 AM, when the market technically opens, and finishes at approximately 10:10 AM. The

data used begins at 10:10 AM until 4:00 PM to avoid this opening auction period, a common

practice among studies using ASX data, (Hall and Hautsch, 2006, 2007). BHP was chosen for

this analysis as it is one of the most actively traded stock on the ASX.

2.1 BHP Returns and volatility

Defining t to represent each trading day, i each interval within a day, intraday returns are

calculated as rt,i = ln
(
Ct,i

Ot,i

)
where Ot,i and Ct,i are the opening and closing prices of that

of that interval with Ot,i+1 = Ct,i. Figure 1 displays the intraday returns for BHP during the

sample period. Evidently, the returns are most volatile during the June 2011 to September 2011

period, which coincides with the downgrading of the US credit rating and the growing Euro

crisis.

Figure 1: Intraday 1-Minute Returns for BHP
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It is well known that volatility of intraday returns generally exhibit strong diurnal patterns.
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Figure 2 shows that r̄2t,i for each 1-minute interval exhibits a reverse J shape diurnal pattern

(5-minute data exhibits the same pattern). Volatility is at its highest when the market opens,

falls during the middle of the day and rises late in the afternoon just before closing. The high

volatility during the first hour may be a result of incorporating overnight news into prices, and

the high volatility before close may be due to investors rebalancing their portfolios in anticipation

of overnight news arrivals.

Figure 2: Average Diurnal Pattern Throughout the Trading Day
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2.2 Intraday and Overnight News Data

To capture public information 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 related to BHP and its associated sentiment

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

neutral and positive tones respectively. The overnight news arrival period is defined as 4:00PM

on day t− 1 to 10:10 AM on day t. During this time, the count of overnight news arrivals and

their average sentiment are recorded and defined as ont,1 and ost,1. To capture intraday news

arrivals, the number of news items and their average sentiment, within each interval during the

trading day is determined and are denoted as nt,i and st,i.

2.3 Order Flow

Buyer (seller) initiated trades occur when a market buy (sell) order is executed against a sell

(buy) limit order. Each buy is defined as positive and each sale is defined as negative volume.

Therefore, order flow can be understood as signed volume within each interval and reflects

buying or selling pressure. Here, absolute order flow (denoted below as oft,i) is used, and is

understood as trading activity instead of signed volume. Figure 4a shows the diurnal pattern
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Figure 3: Overnight News Data
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(a) Overnight News Releases
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(b) Overnight News Sentiment

in trading activity of i, which is notably volatile and exhibits the familiar pattern of clustering.

Figure 4b shows that oft,i also exhibits a strong diurnal pattern, more U shaped in this case.

Broadly speaking it follows a similar pattern to the diurnal pattern in the volatility of intraday

returns, where it peaks in the morning trading and falls around lunchtime. However, order flow

dramatically rises again during the afternoon trading period unlike intraday return volatility.

Figure 4: Order Flow Plots
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(a) Absolute Intraday Order Flow
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(b) Diurnal Pattern of Order Flow

3 Models

This section provides a brief overview of the DCS location and scale models, followed by a

description of the proposed intraday component models for volatility and order flow.
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3.1 DCS Scale model: Beta-t-EGARCH Model

An important characteristic of returns is that their distributions generally have heavy tails.

GARCH models that assume normally distributed returns often cannot account for this feature

of returns (Bollerslev, 1987, Harvey, 2013). Hence, it is common practice to assume that returns

follow a student t distribution, also known as the GARCH-t model. The GARCH-t model

however, tends to overreact to extreme observations, and the effect is slow to dissipate (Harvey,

2013). Allowing the dynamic equation for volatility to depend on the conditional score of the

t-distribution minimises the effect of extreme observations, a model denoted as the Beta-t-

GARCH model. Despite this Harvey (2013) suggests that the Beta-t-GARCH model still has

several issues in common with standard GARCH models, such as needing to impose estimation

constraints to ensure the conditional volatility remains positive. The Beta-t-EGARCH model

corrected this issue by using an exponential link function. The exponential link is important as

it makes the estimation of multiple component models a simpler task.

To begin, intraday returns are defined as

rt,i = exp(λt,i)εt,i, t = 1, ..., T i = 1, ..., I (1)

where εt,i is a serially independent zero mean standard tv variable with v degrees of freedom.

The logarithm of the scale, λt,i follows

λt,i = ω + φλt,i−1 + κut,i−1 (2)

which depends on ut,i−1 which is proportional to the score of the density where

ut,i =
(v + 1)r2t,i

v exp(2λt,i) + r2t,i
, −1 ≤ ut,i ≤ v, v > 0 (3)

in the case with εt,i ∼ tv. As the variable ut,i is identically and independently distributed

Harvey (2013) suggests that ut,i can be defined as

ut,i = (v + 1)bt,i − 1 (4)

where

bt,i =
y2t,i/v exp(2λt,i)

1 + y2t,i/v exp(2λt,i)
(5)

It is well know that equity volatility responds asymmetrically to past return shocks. To allow

for such asymmetric effects in volatility in the basic Beta-t-EGARCH model, equation (2) can

be extended to depend on the sign of past returns,
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λt,i = ω + φλt,i−1 + κut,i−1 + κ∗sgn(−rt,i)(ut,i−1) (6)

where κ∗ is expected to be non-negative due to the use the sign of minus rt,i.

3.2 DCS Location Model

Many financial variables are non-negative such as volume or realised volatility. In terms of DCS

models and for non-negative variables, Andres and Harvey (2012) suggest that the Gamma,

Weibull, Burr (versions of the Generalised Gamma distribution), Log-Logistic and F (versions

of the Generalised Beta distribution) distributions are appropriate. Here, errors in the order flow

models are assumed to be F-distributed. The GB2 distribution was also considered, however

it was found that the F-distribution provided the best in-sample fit. Using an exponential link

ensures that the location remains positive over time.

The DCS location model for non-negative variables can be represented as,

yt,i = exp(λt,i)εt,i, t = 1, ..., T i = 1, ..., I (7)

with the log conditional mean following,

λt,i = ω + φλt,i−1 + κut,i−1 (8)

where yt,i here is absolute order flow. Here εt,i ∼ F (v1, v2) hence ut,i−1 can be represented as:

ut,i−1 =
v1 + v2

2
bt,i(v1/2, v2/2)−

v1
2

(9)

bt,i−1 =
v1yt,i−1e

−λt,i/v2
1 + v1yt,i−1e−λt,i/v2

=
v1εt/v2

1 + v1εt/v2
(10)

Furthermore the log-likelihood function for the F-distribution is:

lnft(ψ, v1, v2) =
v1
2
ln v1yte

−λt +
v2
2
ln v2 −

v1 + v2
2

ln (v1yte
−λt + v2)

− ln yt − lnB (v1/2, v2/2)
(11)

3.3 DCS Intraday Component Models

Following the logic of Engle and Sokalska (2012) and Ito (2013), a three component intraday

model for volatility may be specified as
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rt,i = exp(λt,i)εt,i, t = 1, ..., T, i = 1, ..., I (12)

λt,i = ω + λDIi + λDYt + λIDt,i (13)

where λDIi captures the diurnal pattern, λDYt the persistence at the daily level and λIDt,i the

intraday persistence, with εt,i ∼ tv. This component structure can also be used to model

non-negative variables such as intraday order flow.

yt,i = exp(λt,i)εt,i, t = 1, ..., T, i = 1, ..., I (14)

where yt,i is intraday order flow, λt,i contains the same three components as equation (13) and

εt,i ∼ F (v1, v2).

The λDIi component captures the diurnal pattern in the data. The diurnal component for both

the volatility and order flow models uses the same cubic spline method. The cubic spline is

constructed of piecewise third-order polynomials which pass through a set of k+1 knots. The

knots are situated along the time axis denoted x0 < x1 < .... < xk where x0 = 0. For the

cubic spline, x0 = 0 is fixed at the market opening and xk = 350 at the market close, hence x0

is set at 10:10AM and xk at 4:00PM. The number of knots depends on multiple factors such

as the shape of the diurnal pattern and the number of observations. Increasing the amount

of knots does not improve the fit of the spline, as discovered by Ito (2013). Too many knots

inhibit estimation efficiency, so the following knots were used: 10:10AM, 11:00AM, 12:30PM,

2:30PM, 4:00PM. The initial values were estimated using a least squares polynomial fit to the

average volatility or order flow in each intraday interval. Furthermore the heights of the spline

were estimated at these times and interpolated by the spline function for the remaining times

of the day, creating a smooth diurnal pattern. Average squared returns are used to calculate

the spline for the intraday volatility model and absolute order flow was used for the order flow

model.

The λDYt component captures the lower frequency persistence at the daily level and can be

estimated in multiple ways. Engle and Sokalska (2012) for example, used volatility forecasts

based on a multifactor risk model to estimate the daily variance using common risk factors

such as industry, liquidity and momentum factors. Andersen and Bollerslev (1997) used an

alternative method involving forecasting the daily component from a daily GARCH model,

requiring a longer daily sample. Additionally, Engle and Gallo (2006) suggested the daily

variance component can be computed based on the daily realised variance. A DCS model with

F-distributed errors is fitted to the daily RV series. The log of the conditional mean from this

model is multiplied by 0.5 (denoted as LRVi below) and then related to the λDYt component:
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λDYt = LRVt−1 ∗ β. (15)

The daily component for the order flow model is related to past total daily order flow. Then

the log of the absolute daily order flow (denoted below as Tt−1) multiplied by one half and then

linked to the λDYt component,

λDYt = β ∗ Tt−1 (16)

where t represents days.

The λIDt,i component captures the intraday persistence and any asymmetric effect for the intraday

volatility models. This can be represented as:

λIDt,i = φλIDt,i−1 + κut,i−1 + κ∗sgn(−rt,i)(ut,i−1) (17)

As no leverage effect is present within order flow the intraday order flow component is defined

as:

λIDt,i = φλIDt,i−1 + κut,i−1 (18)

3.3.1 Measuring the Impact of Explanatory Variables

In this paper the influence of order flow, intraday news and sentiment, and overnight news

and sentiment on volatility are investigated. For both the order flow and volatility models the

explanatory variables are inserted into the λt,i equation, resulting in 3 variations of the order

flow model and 6 variations of the volatility model. Instead of using the raw order flow in the

volatility models, the log conditional mean from the order flow models is used. This allows order

flow, news items and sentiment to be investigated in intraday volatility models avoiding the issue

of endogeneity. Therefore the log conditional means from using the 3 variations of the order

flow model described in Table 1 are represented as Ioft,i, Noft,i and ONoft,i respectively. The

three models are the basic model (1), with intraday and overnight news (2) and only overnight

news arrivals (3). Of the volatility models, (1) is the basic model, (2)-(4) contain the fitted

order flow from the three different order flow models, (5) contains intraday and overnight news

directly without order flow, while (6) only contains overnight news arrivals. In these last two

models, the impact of volume of news items and sentiment are measured independently from

order flow.
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Table 1: Model Definitions

Variation Order Flow Models

1 λt,i = ω + λDIi + λDYt + λIDt,i
2 λt,i = ω + λDIi + λDYt + λIDt,i + δNNt,i + Ii=1ψ

onont,1 + ηsst,i + Ii=1ζ
osost,1

3 λt,i = ω + λDIi + λDYt + λIDt,i + Ii=1ψ
onont,1 + Ii=1ζ

osost,1

Variation Volatility Models

1 λt,i = ω + φλt,i−1 + κut,i−1

2 λt,i = ω + λDIi + λDYt + λIDt,i + γIof Ioft,i

3 λt,i = ω + λDIi + λDYt + λIDt,i + γNof Noft,i

4 λt,i = ω + λDIi + λDYt + λIDt,i + γONof ONoft,i

5 λt,i = ω + λDIi + λDYt + λIDt,i + δnnt,i + Ii=1ψ
onont,1 + ηsst,i + Ii=1ζ

osost,1

6 λt,i = ω + λDIi + λDYt + λIDt,i + Ii=1ψ
onont,1Ii=1ζ

osost,1

Where Ii=1 is an indicator taking the value of one for the first minute in the trading day

4 Results

This section reports the results of fitting multiple intraday DCS models to 1-minute and 5-

minute BHP order flow and return data. The results from the estimation of the base volatility

model, with the specification from equation (13), are presented for comparative purposes. The

estimation period ranges from the 4th of January 2011 to the 17th of October 2012, resulting

in 151,900 1-minute observations or 30,450 5-minute periods.

4.1 In-Sample Order Flow Estimation Results

Table 2 displays the estimation results for the basic order flow model, Model (1), the order flow

model with intraday and overnight, news and sentiment, Model (2) and Model (3) with only

overnight news and sentiment using 1-minute data.

Begin with Model (1) as the benchmark case. There is a clear U shaped diurnal pattern evident

in the spline (Ĥ) coefficients, with Ĥ1 and ˆH350 being the largest. An estimate of β̂ = 0.7845

indicates a strong degree of lower frequency persistence at the daily level. An estimate of

φ̂ = 0.9762 reveals very strong intraday persistence in trading activity. Including news and

sentiment helps explain the overall level of trading, in that estimates of the intraday spline

coefficients and ω̂ do vary across the three models. However, the inclusion of news and sentiment

has no effect on the intraday persistence term φ̂ which remains high, approximately 0.98. There

is also little influence on the daily persistence term, β̂. The intraday news parameter, δ̂N and

overnight news parameter, ψ̂ON are both positive and significant in Model 2. The overnight

news parameter, ψ̂ON , is also positive and significant in Model 3. Additionally in Model 2, the

intraday sentiment parameter, η̂s, and the overnight sentiment parameter, ζ̂os are both negative
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and significant. This sign is consistent with prior expectations as the lower the sentiment

of the news the higher the amount of trading activity. In Model 3 the overnight sentiment

parameter, ζ̂os is also negative and significant. The inclusion of news items and sentiment

marginally improves the fit of Model (2) over Model (1) when considering the AIC, HIC and SIC

estimates. More importantly, the inclusion of the intraday data does not provide any significant

improvement in the in-sample fit of the model over the overnight data, as demonstrated when

comparing Model 2 and 3.

Table 3 displays the estimation results based on the 5-minute data. Overall the results are

broadly similar with a number of exceptions to note. As evident by the estimates of φ̂, there is

much less persistence in trading activity across 5-minute intervals, with estimates of φ̂ falling

to around 0.91. In Model (2) both the intraday news parameter, δ̂N , and the overnight news

parameter, ψ̂ON , are positive and significant. However the intraday sentiment parameter, η̂s,

is insignificant and the overnight sentiment parameter, ζ̂os is negative and significant. In terms

of the models fit, the inclusion of the explanatory variables improve the fit of the model which

is reflected in the AIC, HIC and SIC for Models (2) and (3).

Figure 5 and Figure 6 show the estimated conditional mean, intraday (λ̂IDt,i ), daily (λ̂DYt ) and

the daily diurnal (λ̂DIi ) components from the Model (3) for both the 1-minute data and 5-

minute. As expected the shapes of the corresponding sub-plots from each figure are similar.

The main difference between Figure 5 and Figure 6 is the magnitude of the (λ̂DYt ) and the (λ̂DIi )

components. In Figure 5 the (λ̂DYt ) component plays a larger role in the in the conditional mean

than Figure 6, however the (λ̂DIt ) component plays a larger role in Figure 6 than in Figure 5.

4.2 In-Sample Estimation Results from the Volatility Models

Tables 4 and 5 display the estimation results for the basic volatility model, three models that

include the log conditional mean from the three order flow models, and two models that include

news and sentiment for the 1-minute data.

In the basic model (Model 1) the intraday volatility is highly persistent, as φ̂ is large (0.9861)

but still less than one. As expected, κ̂ ≥ κ̂∗, which ensures that an increase in the standardised

observation does not lead to a decrease in volatility. κ̂∗ is positive, which is expected when con-

sidering stock returns, due to using the sign of negative rt,i and reflects the common asymmetry

in equity volatility. The daily persistence term, β̂, is 0.8092 which reflects a moderate level of

persistence at the daily frequency. All the other estimated parameters were also significant.

The results for Model (2) in Table 4 show the estimation results when including the log con-

ditional mean of the order flow from OF Model (1) in Table 2 into the volatility model. The

coefficient on fitted order flow, γ̂Iof is clearly positive and significant. However the inclusion

of order flow has a minimal impact on the persistence term, φ̂, though the daily persistence

term, β̂ falls a little to 0.7876. Clearly the inclusion of order flow helps explain the overall level
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Table 2: 1-Minute Order Flow Model Estimates

OF Model 1 OF Model 2 OF Model 3

Parameter Basic Intraday/Overnight,
News and Sentiment

Overnight News and
Sentiment

Ĥ1 3.1729 (0.0256)*** 1.0460 (0.0207)*** 2.8932 (0.0568)***

Ĥ50 2.9743 (0.0167)*** 0.8628 (0.0115)*** 2.7097 (0.0512)***

Ĥ140 2.4725 (0.0183)*** 0.3591 (0.0063)*** 2.2061 (0.0539)***

Ĥ260 2.6000 (0.0221)*** 0.4876 (0.0131)*** 2.3345 (0.0515)***

Ĥ350 3.2436 (0.0269)*** 1.1299 (0.0187)*** 2.9769 (0.0538)***

β̂ 0.7845 (0.0049)*** 0.7983 (0.0075)*** 0.7845 (0.0030)***
ω̂ 0.3622 (0.0278)*** 2.3720 (0.0556)*** 0.6281 (0.0435)***

φ̂ 0.9762 (0.0016)*** 0.9762 (0.0016)*** 0.9763 (0.0013)***
κ̂ 0.0566 (0.0018)*** 0.0566 (0.0019)*** 0.0566 (0.0012)***
v̂1 1.7543 (0.0075)*** 1.7543 (0.0064)*** 1.7543 (0.0063)***
v̂2 30.1710 (1.2583)*** 30.1886 (0.0011)*** 30.1778 (0.0124)***

δ̂N - 0.0199 (0.0005)*** -

ψ̂ON - 0.0169 (0.0004)*** 0.0173 (0.0008)***
η̂s - -0.0260 (0.0008)*** -

ζ̂os - -0.0270 (0.0002)*** -0.0060 (0.0019)***

AIC 19.9566 19.9563 19.9563
HIC 19.9565 19.9562 19.9562
SIC 19.9565 19.9562 19.9562

Robust standard errors in parenthesis. Ĥi is the estimated heights of the spline. * represents significant at the 5

% level, ** at the 2.5 % level and *** at the 1 % level.

OF Model 1 has the following volatility equation:λt,i = ω + λDI
i + λDY

t + λID
t,i

OF Model 2 has the following volatility

equation:λt,i = ω + λDI
i + λDY

t + λID
t,i + δNNt,i + Ii=1ψ

ONONt,1 + ηsst,i + Ii=1ζ
osost,1

OF Model 3 has the following volatility equation:λt,i = ω + λDI
i + λDY

t + λID
t,i + Ii=1ψ

ONONt,1 + Ii=1ζ
osost,1

of volatility in that both the spline coefficients and ω̂ fall. The κ̂ parameter decreases slightly

from 0.0270 in Model (1) (Table 4) to 0.0230 in Model (2) and the asymmetry parameter κ̂∗ is

insignificant in this case. The inclusion of order flow improves the fit of the model significantly,

which is evident when comparing the AIC, HIC and SIC to the Model (1). Volatility models (3)

and (4) Including the log conditional mean of the order flow from the OF models (2) (includes

intraday and overnight, news and sentiment) and (3) (includes overnight, news and sentiment).

Overall, there is little difference in the parameter estimates in the volatility models. In both

instances the coefficients on the order flow are positive and significant. Again in model (4),

the leverage effect parameter, κ̂∗, is insignificant. both models (3) and (3) provide marginally

improved the fit over Model (2) and are very similar. Overall it seems as though including fitted

order flow taking into account news flow provided a better explanation of intraday volatility.

Results for Model 5 in Table 5 reveal the impact of directly incorporating intraday and overnight

news and the sentiment into the volatility model. The inclusion of news flow little impact on the

intraday persistence term, φ̂ relative to Model (1). As it can be seen in Table 5 the overnight
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Figure 5: OF Model 3 - 1-Minute
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Figure 6: OF Model 3 - 5-Minute
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news parameters (ψ̂ON ) is positive and significant. However the intraday parameter, δ̂N , is

insignificant. This suggest that there is a positive relationship between the number of overnight
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Table 3: 5-Minute Order Flow Model Estimates

OF Model 1 OF Model 2 OF Model 3

Parameter Basic Intraday/Overnight,
News and Sentiment

Overnight News and
Sentiment

Ĥ1 5.0204 (0.0480)*** 3.1813 (0.0707)*** 3.7371 (0.0635)***

Ĥ50 4.8007 (0.0406)*** 3.0216 (0.0689)*** 3.5770 (0.0667)***

Ĥ140 4.3176 (0.0423)*** 2.5355 (0.0691)*** 3.0909 (0.0654)***

Ĥ260 4.4161 (0.0407)*** 2.6370 (0.0701)*** 3.1926 (0.0685)***

Ĥ350 4.9881 (0.0453)*** 3.2032 (0.0708)*** 3.7588 (0.0692)***

β̂ 0.7549 (0.0056)*** 0.7566 (0.0198)*** 0.7553 (0.0099)***
ω̂ 0.0026 (0.0008)*** 1.7706 (0.1021)*** 1.2250 (0.0296)***

φ̂ 0.9176 (0.0105)*** 0.9176 (0.0119)*** 0.9177 (0.0148)***
κ̂ 0.0698 (0.0056)*** 0.0696 (0.0049)*** 0.0696 (0.0081)***
v̂1 2.3554 (0.0198)*** 2.3563 (0.0185)*** 2.3564 (0.0191)***
v̂2 49.9996 (0.0005)*** 49.9996 (0.0086)*** 49.9589 (0.0118)***

δ̂N - 0.0311 (0.0012)*** -

ψ̂ON - 0.0215 (0.0015)*** 0.0217 (0.0014)***
η̂s - 0.0000 (0.0003) -

ζ̂os - -0.0081 (0.0003)*** -0.0075 (0.0002)***

AIC 21.8980 21.8977 21.8976
HIC 21.8973 21.8968 21.8968
SIC 21.8974 21.8969 21.8969

Robust standard errors in parenthesis. Ĥi is the estimated heights of the spline. * represents significant at the 5

% level, ** at the 2.5 % level and *** at the 1 % level.

OF Model 1 has the following volatility equation:λt,i = ω + λDI
i + λDY

t + λID
t,i

OF Model 2 has the following volatility

equation:λt,i = ω + λDI
i + λDY

t + λID
t,i + δNNt,i + Ii=1ψ

ONONt,1 + ηsst,i + Ii=1ζ
osost,1

OF Model 3 has the following volatility equation:λt,i = ω + λDI
i + λDY

t + λID
t,i + Ii=1ψ

ONONt,1 + Ii=1ζ
osost,1

news items and intraday volatility. Additionally, both the intraday and overnight sentiment

values are significant and negative (η̂s and ζ̂os), suggesting a negative relationship between

sentiment and intraday volatility. It is clear that volatility is significantly related to news flow,

and directly incorporating news into a volatility model leads to an improved fit relative to Model

(1). However, the models that incorporate order flow, taking into account news flow, provide

superior fits to volatility

Tables 6 and 7 display the estimation results of all the versions of the volatility model based on

the 5-minute dataset. The degree of both daily, β̂ and intraday persistence φ̂ is similar to that

found in the 1-minute data. This is a similar result to 5-minute order flow models. The degrees

of freedom parameter, v̂ increases substantially from approximately 6 in the 1-minute data to

approximately 10 in the 5-minute models and the asymmetry parameter, κ̂∗ is insignificant for

Models 1,2 and 5 when using 5-minute data.

In contrast to the 1-minute case, the coefficients on intraday news and sentiment parameters are

15



insignificant in Model (5) with coefficients on overnight news and sentiment significant in both

Models (5) and (6). The remaining parameter are broadly similar to their respective 1-minute

counterparts. In terms of which model provides the best fit to the 5-minute data, Model (5)

which only includes news has the lowest AIC, HIC and SIC, as opposed to Model (4) for the

1-minute data.
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Table 4: Volatility Models - 1-Minute

Model 1 Model 2 Model 3

Explanatory Variable/s Basic Order Flow From OF Model 1 Order Flow From OF Model 2

Ĥ1 -2.3182 (0.0133)*** -8.0860 (0.1000)*** -7.2668 (0.0262)***

Ĥ50 -2.5728 (0.0092)*** -8.3024 (0.0927)*** -7.4823 (0.0216)***

Ĥ140 -2.7720 (0.0095)*** -8.4214 (0.0754)*** -7.5991 (0.0161)***

Ĥ260 -2.8347 (0.0103)*** -8.5043 (0.0800)*** -7.6826 (0.0178)***

Ĥ350 -2.7118 (0.0120)*** -8.4869 (0.1020)*** -7.6679 (0.0260)***

β̂ 0.8092 (0.0466)*** 0.7876 (0.0571)*** 0.7869 (0.0381)***
ω̂ -0.4456 (0.0106)*** 3.7852 (0.2267)*** 2.9248 (0.0969)***

φ̂ 0.9861 (0.0013)*** 0.9885 (0.0013)*** 0.9886 (0.0013)***
κ̂ 0.0270 (0.0012)*** 0.0230 (0.0014)*** 0.0229 (0.0013)***
κ̂∗ 0.0034 (0.0009)*** 0.0033 (0.0024) 0.0033 (0.0012)***
v̂ 6.5954 (0.1138)*** 6.5784 (0.1241)*** 6.5799 (0.1146)***

γ̂Iof - 0.1631 (0.0352)*** -
γ̂Nof - - 0.1675 (0.0128)***

AIC -3.4010 -3.4017 -3.4018
HIC -3.4012 -3.4018 -3.4019
SIC -3.4012 -3.4018 -3.4019

Robust standard errors in parenthesis. * represents significant at the 5 % level, ** at the 2.5 % level and *** at the 1 % level. λt,i = ω + λDI
i + λDY

t + λID
t,i

Model 2 has the following volatility equation:λt,i = ω + λDI
i + λDY

t + λID
t,i + γIof Ioft,i

Model 3 has the following volatility equation: λt,i = ω + λDI
i + λDY

t + λID
t,i + γNof Noft,i
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Table 5: Volatility Models - 1-Minute

Model 4 Model 5 Model 6

Explanatory Variable/s Order Flow From OF Model 3 Intraday/Overnight, News and
Sentiment

Overnight News and Sentiment

Ĥ1 -5.6638 (0.0456)*** -4.1808 (0.0186)*** -0.1390 (0.0170)***

Ĥ50 -5.8795 (0.0381)*** -4.4156 (0.0102)*** -0.3749 (0.0175)***

Ĥ140 -5.9966 (0.0263)*** -4.6006 (0.0097) *** -0.5763 (0.0179)***

Ĥ260 -6.0801 (0.0294)*** -4.6587 (0.0109)*** -0.6380 (0.0177)***

Ĥ350 -6.0649 (0.0463)*** -4.5352 (0.0126)*** -0.5167 (0.0260)***

β̂ 0.7871 (0.0645)*** 0.8165 (0.0363)*** 0.8091 (0.0532)***
ω̂ 1.3285 (0.1958)*** 1.3783 (0.0094)*** -2.6417 (0.0180)***

φ̂ 0.9886 (0.0012)*** 0.9860 (0.0015)*** 0.9862 (0.0013)***
κ̂ 0.0229 (0.0013)*** 0.0270 (0.0014)*** 0.0269 (0.0012)***
κ̂∗ 0.0033 (0.0030) 0.0034 (0.0015)*** 0.0034 (0.0010)***
v̂ 6.5795 (0.1147)*** 6.5986 (0.1222)*** 6.6033 (0.1082)***

γ̂ONof 0.1668 (0.0248)*** - -

δ̂N - 0.0000 (0.0023) -

ψ̂ON - 0.0051 (0.0024)** 0.0190 (0.0039)***
η̂s - -0.0922 (0.0237)*** -

ζ̂os - -0.0201 (0.0090)** -0.1494 (0.0291)***

AIC -3.4018 -3.4011 -3.4012
HIC -3.4019 -3.4013 -3.4014
SIC -3.4019 -3.4012 -3.4013

Robust standard errors in parenthesis. * represents significant at the 5 % level, ** at the 2.5 % level and *** at the 1 % level.

λt,i = ω + λDI
i + λDY

t + λID
t,i + γIof ONoft,i

Model 2 has the following volatility equation:λt,i = ω + λDI
i + λDY

t + λID
t,i + δNNt,i + Ii=1ψ

ONONt,1 + ηsst,i + Ii=1ζ
osost,1

Model 3 has the following volatility equation: λt,i = ω + λDI
i + λDY

t + λID
t,i + Ii=1ψ

ONONt,1Ii=1ζ
osost,1

18



Table 6: Volatility Models - 5-Minute

Model 1 Model 2 Model 3

Explanatory Variable/s Basic Order Flow From OF Model 1 Order Flow From OF Model 2

Ĥ1 2.8773 (0.0757)*** -1.8384 (0.1754)*** -5.7301 (0.0582)***

Ĥ50 2.5896 (0.0740)*** -2.0981 (0.1721)*** -5.9841 (0.0499)***

Ĥ140 2.3502 (0.0745)*** -2.2819 (0.1684)*** -6.1565 (0.0369)***

Ĥ260 2.3058 (0.0744)*** -2.3367 (0.1700)*** -6.2135 (0.0394)***

Ĥ350 2.3795 (0.0755)*** -2.3319 (0.1743)*** -6.2223 (0.0572)***

β̂ 0.7180 (0.0752)*** 0.7125 (0.1188)*** 0.7113 (0.0905)***
ω̂ -4.7278 (0.0797)*** -1.2448 (0.1249)*** 2.4009 (0.2936)***

φ̂ 0.9735 (0.0037)*** 0.9754 (0.0038)*** 0.9757 (0.0038)***
κ̂ 0.0364 (0.0026)*** 0.0338 (0.0025)*** 0.0333 (0.0026)***
κ̂∗ 0.0060 (0.0036)* 0.0061 (0.0050)*** 0.0062 (0.0018)***
v̂ 10.1011 (0.5511)*** 10.0915 (0.6083)*** 10.1038 (0.6537)***

γ̂Iof - 0.1183 (0.0143)*** -
γ̂Nof - - 0.1419 (0.0323)***

AIC -1.9560 -1.9563 -1.9565
HIC -1.9566 -1.9570 -1.9572
SIC -1.9565 -1.9569 -1.9571

Robust standard errors in parenthesis. * represents significant at the 5 % level, ** at the 2.5 % level and *** at the 1 % level. λt,i = ω + λDI
i + λDY

t + λID
t,i

Model 2 has the following volatility equation:λt,i = ω + λDI
i + λDY

t + λID
t,i + γIof Ioft,i

Model 3 has the following volatility equation: λt,i = ω + λDI
i + λDY

t + λID
t,i + γNof Noft,i
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Table 7: Volatility Models - 5-Minute

Model 4 Model 5 Model 6

Explanatory Variable/s Order Flow From OF Model 3 Intraday/Overnight, News and
Sentiment

Overnight News and Sentiment

Ĥ1 -5.0703 (0.0604)*** -5.0258 (0.0252)*** -4.9937 (0.0222)***

Ĥ50 -5.3245 (0.0483)*** -5.2492 (0.0175)*** -5.2170 (0.0148)***

Ĥ140 -5.4972 (0.0287)*** -5.4910 (0.0172)*** -5.4588 (0.0136)***

Ĥ260 -5.5542 (0.0324)*** -5.5320 (0.0182)*** -5.4999 (0.0152)***

Ĥ350 -5.5625 (0.0584)*** -5.4656 (0.0216)*** -5.4335 (0.0193)***

β̂ 0.7112 (0.0952)*** 0.7185 (0.0660)*** 0.7185 (0.0588)***
ω̂ 1.7487 (0.4019)*** 3.1126 (0.0262)*** 3.0805 (0.0177)***

φ̂ 0.9757 (0.0041)*** 0.9738 (0.0036)*** 0.9738 (0.0034)***
κ̂ 0.0333 (0.0029)*** 0.0363 (0.0024)*** 0.0363 (0.0023)***
κ̂∗ 0.0062 (0.0031)** 0.0060 (0.0046) 0.0060 (0.0016)***
v̂ 10.1038 (0.6015)*** 10.1955 (0.6196)*** 10.1955 (0.5938)***

γ̂ONof 0.1412 (0.0427)*** - -

δ̂N - 0.0000 (0.0090) -

ψ̂ON - 0.0205 (0.0056)*** 0.0205 (0.0036)***
η̂s - 0.000 (0.0051) -

ζ̂os - -0.1615 (0.0593)*** -0.1616 (0.0272)***

AIC -1.9565 -1.9568 -1.9569
HIC -1.9572 -1.9577 -1.9577
SIC -1.9571 -1.9576 -1.9576

Robust standard errors in parenthesis. * represents significant at the 5 % level, ** at the 2.5 % level and *** at the 1 % level.

λt,i = ω + λDI
i + λDY

t + λID
t,i + γIof ONoft,i

Model 2 has the following volatility equation:λt,i = ω + λDI
i + λDY

t + λID
t,i + δNNt,i + Ii=1ψ

ONONt,1 + ηsst,i + Ii=1ζ
osost,1

Model 3 has the following volatility equation: λt,i = ω + λDI
i + λDY

t + λID
t,i + Ii=1ψ

ONONt,1Ii=1ζ
osost,1
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4.3 Overall performance of the 1-Minute DCS component model

The effectiveness of the 1-minute intraday DCS model is explored in this section. For this

analysis, Model (4) was selected, as it provided the lowest AIC, HIC and SIC. Figure 7 shows

the conditional volatility from Model (4) plotted against the absolute returns. Figure 7b shows

that the conditional volatility from Model (4) effectively tracks the volatility when comparing

it to the absolute returns in Figure 7a. The peaks in volatility are not as extreme in Model

(4) as the conditional score minimises the influence of extreme observations. Figure 8 shows

a comparison between the conditional volatility and absolute returns isolated over two days,

January 10 2011 to January 11 2011. It is clear the volatility from the intraday DCS component

model effectively captures the volatility movements during these two days, when volatility peaks

early in the trading day and also when volatility rises late in the second day, this period not is

not related to the diurnal pattern.

Figure 7: Absolute Returns vs Model 4

01/11 06/11 12/11 06/12 12/12

A
bs

ol
ut

e 
R

et
ur

ns

0

0.1

0.2

0.3

0.4

0.5

0.6

(a) Absolute Returns

01/11 06/11 12/11 06/12

C
on

di
tio

na
l V

ol
at

ili
ty

0.02

0.04

0.06

0.08

0.1

0.12

0.14

(b) Model 4

Figure 8: Isolated Two Days
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The strong and slowly decreasing autocorrelation of the BHP 1 minute returns data, in Figure
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9a, is captured successfully by the model. A volatility model should capture this dependence

in volatility. A common way to test this is to compute the standardised residuals ε̂t,i and

then examine the dependence in the absolute value of the standardised residuals. The residual

term, |ε̂t,i| shows no major signs of serial correlation, as seen in Figure 9b. ε̂t,i is calculated as

|
rt,i

exp(λt,i)
|.

Figure 9: Autocorrelation Plots
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Figure 10 shows the estimated total conditional volatility (σ̂t,i), intraday (λ̂IDt,i ), daily (λ̂DY t)

and the daily diurnal (λ̂DI i) components. The conditional volatility plot in Figure 10a appears

as expected with higher volatility around June/July 2011 which was when the United States

lost its AAA credit rating and the Euro crisis was further developing. The estimated diurnal

pattern in Figure 10b, in the top right, peaks in the morning at open, drops until about 14:30,

then rises again at 15:00 until close. The intraday component, Figure 10c, which can be seen in

the bottom left, fluctuates around 0. Figure 10d shows a moderate to high level of persistence

within the daily term.

4.4 Overall performance of the 5-Minute DCS component model

To analyse the 5-minute volatility, model (6) was selected as it provides the best fit. Figure 11

shows the conditional volatility from Model (6) plotted against the absolute returns. Overall,

Figure 11 shows that Model 6 effectively tracks the volatility. The figure on the right shows a

comparison between the conditional volatility and absolute returns isolated over thew same two

days, January 10 2011 and January 11 2011. As demonstrated in the Figure 12 the intraday

DCS model effectively captures the movements in volatility during those two days.

Using the same methodology as the previous section, the residual term, |ε̂t,i|, with Figure 13

showing that it exhibits no major signs of serial correlation.

Figure 14 shows the estimated total conditional volatility (σ̂t,i), intraday (λ̂IDt,i ), daily (λ̂DY t)
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Figure 10: Summary of Model 4
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Figure 11: Conditional Volatility Plots from Model 6
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and the daily diurnal (λ̂DI i) components. The main difference between Figure 14 and Figure

10 is the diurnal component. In Figure 14b, the Diurnal component peaks in the morning and

drops until 13:30, unlike Figure 10b which drops until approximately 14:30, and then rises until

close.
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Figure 12: Isolated Performance over Two Days
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Figure 13: Autocorrelation function of | ε̂t,i |
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5 Multi-Step Ahead Forecasting

This section presents an analysis of day-ahead forecasts of both intraday order flow and volatility

based on both the 1- and 5-minute datasets. The final 50 days of the sample period are used

as an out-sample period equating to forecasts for 17,500 1-minute and 3500 5-minute intervals.

Forecasts from order flow models (1) and (3) were generated first, with these forecast values

then inserted into the respective volatility models. The models that included intraday news or

sentiment were not included in the forecast, as they can not be predicted and arrive randomly,

however, overnight news and sentiment were used in the forecasts. Forecasts for each intraday

interval are generated at the beginning of each trading day for all intervals in the day using the

most recent overnight news flow data.

As λt,i has a moving average representation, Harvey (2013) suggests that the independence of

ut,i means that the optimal (MMSE) estimate is
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Figure 14: Summary of Model 4
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λt,i+l = ω +

l−1∑

k=1

ψkut,i+l−k +

∞∑

k=1

ψkut,i+l−k = λt,i+l +

l−1∑

k=1

ψkut,i+l−k l = 2, 3, 4, ... (19)

where λt,i+l is the optimal multi-step forecast of λt,i+l. This approach can be used to generate

forecasts from both the order flow and volatility models with the relevant definitions of ut,i+l−k

defined in Sections 3.1 and 3.2. Following from (19) a forecast of volatility can be generated by

E[eλt,i+l |FT ] = eλt,i+l

l−1∏

k=1

ET [e
ψkut,i+l−k ]. (20)

To judge the effectiveness of the forecasts, the pairwise test for equal predictive accuracy of

Diebold and Mariano (1995) and West (1996) (DMW) is used as there is an obvious benchmark

in terms of the basic DCS volatility model. The forecast performance of each model is compared

to Model (1) for both the 1-minute and 5-minute data. Let L(f1t ) and L(fat ) represent the

predictive log-likelihood of the returns given the forecasts from Model (1) and the competing

models respectively. Therefore the relevant null and alternative hypotheses are
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H0 : E[L(f1t )] = E[L(fat )]

H1 : E[L(f1t )] 6= E[L(fat )]

The DMW test is calculated as follows:

DMWT =
d̄T√
̂var[d̄T ]

d̄T =
1

T

T∑

t=1

dt

dT = L(f1t )− L(fat )

where v̂ar is an estimator of the asymptotic variance of the loss differential, d̄T .

5.1 Forecasting Results

Table 8 shows the DMW test results for the day ahead forecasts for both the 1-minute and

5-minute intervals.

For the order flow models, Model (3) is compared to the basic order flow Model (1). Forecasts

of volatility from Models (2),(4) and (6), containing forecasts of order flow or overnight news,

are compared to the basic model (1). Volatility forecasts from models (3) and (5) are not used

where as intraday news arrival and sentiment cannot be forecast. Significant negative values of

the test statistic are of interest as this is the case when a competing model produces significantly

superior forecasts than model (1).

To begin, the results in the top panel in Table 8 are the superior forecasts (at a 5% level of

significance) of order flow produced by model (3) that harnesses overnight news arrivals. In

terms of the volatility forecasts, models (2) and (4) contain order flow forecasts that produce

significantly more accurate forecasts of volatility at the 1-minute frequency. Model (6) contains

only overnight news flow and offers no improvements over model (1). In contrast, at the 5-minute

interval there is no benefit from forecasting order flow first as none of the competing models are

superior to model (1) at the lower frequency. Figure 15 demonstrates the effectiveness of the

day-ahead forecasts from Model 4 in that they track the observed absolute returns.

To examine more thoroughly the relative forecast performance of the models, forecast compar-

isons are undertaken for various parts of the trading day. Table 9 reports the DMW results for

the first half of the trading day. In this case, order flow model (3) does not outperform the basic
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Table 8: t-statistics for the DMW test for full-day ahead 1- and 5-minute forecasts of order flow
and volatility. All model comparisons are made relative to the basic models that contain no
explanatory variables.

Order Flow 1-minute 5-minute
Model 3 -1.8368* -1.7377*

Volatility
Model 2 -3.9524*** 1.6412
Model 4 -2.2708*** 3.7143
Model 6 2.1746 4.3190

* Represents significance at the 5 % level, ** at the 2.5 % level and *** at the 1 % level.

Figure 15: Volatility Forecast - Model 4
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order flow model. Results for the volatility forecasts are comparatively the same as the full day

case. Once again forecasting order flow is of benefit for volatility forecasting at the 1-minute

frequency, and of no benefit at the 5-minute frequency. Though the results are not reported

here, a similar pattern in forecast performance is observed in the first half-hour of the trading

day.

Table 9: t-statistics for the DMW test for 1- and 5-minute forecasts of order flow and volatility
during the first half of the trading day. All model comparisons are made relative to the basic
models that contain no explanatory variables.

Order Flow 1-minute 5-minute
OF Model 3 0.6942 -0.7310

Volatility
Model 2 -2.1450** 2.9132
Model 4 -2.8407*** 3.1347
Model 6 1.0264 4.2611

* Represents significance at the 5 % level, ** at the 2.5 % level and *** at the 1 % level.
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Table 10 reports the DMW results for the last half of the trading day. It appears as though

overnight news arrivals are of benefit for forecasting trading activity later in the trading day as

model (3) outperforms model (1) at both frequencies. In the context of volatility forecasts, there

is weaker evidence of the benefit of forecasting order flow first. Only model (2) outperforms

the basic model in this period. No competitor is superior to the basic model at the 5-minute

frequency.

Table 10: t-statistics for the DMW test for 1- and 5-minute forecasts of order flow and volatility
during the last half of the trading day. All model comparisons are made relative to the basic
models that contain no explanatory variables.

Order Flow 1-minute 5-minute
OF Model 3 -3.2216*** -1.7569*

Volatility

Model 2 -3.4838*** -0.5749
Model 4 -0.3494 2.1635
Model 6 2.1120 1.9138

* Represents significance at the 5 % level, ** at the 2.5 % level and *** at the 1 % level.

Finally, Table 11 focuses on the last hour of the trading day.

The preceding results show that there was only weak evidence of the benefit of first forecasting

order flow when forecasting volatility during the last half of the day. However the results in

11 show that there is stronger evidence for the benefit of doing so during this final part of

the trading day. Both models (2) and (4) significantly outperform the basic model during this

period.

Table 11: t-statistics for the DMW test for 1- and 5-minute forecasts of order flow and volatility
during the last hour of the trading day. All model comparisons are made relative to the basic
models that contain no explanatory variables.

Order Flow 1-minute 5-minute
OF Model 3 -1.1248 -1.1809

Volatility
Model 2 -2.1450** -0.6891
Model 4 -2.8407*** -0.2304
Model 6 1.0264 0.5233

* represents significant at the 5 % level, ** at the 2.5 % level and *** at the 1 % level.

Overall these results indicate that first generating forecasts of order flow offer significant gains

in forecast accuracy at the 1-minute frequency. This result is observed when considering the
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whole trading day, and most parts thereof. In contrast, there appears to be little benefit of doing

so at 5-minute intervals. Simply using overnight news arrivals, in place of order flow forecasts

leads to inferior forecasts.

6 Conclusion

Providing both an explanation of, and accurate forecasts for asset return volatility are important

issues, and hence have attracted a long history of research attention. This paper has undertaken

an analysis of the drivers of intraday volatility, specifically the roles of news arrivals and trading

activity in the form of order flow. Intraday component models for both order flow and volatility

were developed based on the DCS framework of Harvey (2013). In the context of order flow

models, overnight news arrivals were found to significantly influence the level of trading activity.

The estimated conditional mean was found to be an important driver of the level of volatility

providing improvements in in-sample fit.

A forecasting exercise was also undertaken whereby forecasts of order flow were first generated

with these forecasts then used to inform the volatility forecasts. It was found that such an

approach generated superior forecasts of volatility at a 1-minute frequency, though not at the

lower 5-minute frequency considered. While using overnight news flow directly in a volatility

model provided improvements in-sample fit, this approach lead to inferior forecast accuracy

relative for forecasts based on order flow. Improvements in forecast accuracy were evident

across the whole trading day, and most of the parts within the day considered.

While the role of trading activity and news flow has been considered in prior research, little

attention has been paid to first forecasting trading activity taking into account news flow. Often,

overnight news arrivals are ignored altogether and here they are found to have a significant

impact on order flow at the beginning of the day, an effect which flows through the day and

leading to improvements in forecast accuracy.
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