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Abstract 
Central Banks interventions are frequent in response to any endogenous and/or exogenous exceptional 
events (in the last two decades, subprime mortgage crisis, the Covid-19 pandemic, and the recent high 
inflation), with direct implications on financial market volatility. In this paper, we propose a new model 
in the class of Multiplicative Error Models (MEM), the Asymmetric Jump MEM (AJM), which accounts 
for a specific jump component of volatility within an intradaily framework (thirty minute intervals), 
while preserving the flexibility and the ability of the MEM to reproduce the empirical regularities 
characterizing volatility. Taking the actions of the US Federal Reserve (Fed) as a reference, we introduce 
a new model–based classification of monetary policy announcements according to their impact on the 
jump component of realized volatility. Focusing on a short window following each Fed’s 
communication, we isolate the impact of monetary announcements by excluding any contamination 
carried by relevant events that may occur within the same announcement day. By considering specific 
tickers, our classification method provides useful information for both policy makers and investors 
about the impact of monetary announcements on specific sectors of the market. 
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1 Introduction
�e e�ectiveness of monetary policy communication crucially depends on a Central bank’s cred-
ibility where ”the extent to which the public believes that a shi� in policy has taken place when,
indeed, such a shi� has actually occurred” (Cukierman, 1986) needs to be built through repeated
and consistent actions.
�ere is a growing a�ention in the literature about monetary policy announcements given their
role in driving �nancial markets beliefs and expectations, and in particular on �nancial return
and volatility, especially actively managing �nancial crises or reining in in�ation.

�ere is a large consensus on the fact that volatility increases on announcement days: in gen-
eral, if a Central Bank releases a credible announcement, new information becomes available,
be it in the form of a con�rmation of what markets were expecting or in the form of surprises.
Either way, the announcement has an impact on market activity, with increases in the number
of trades that, in turn, may translate into price changes and jumps in volatility (see Andersen,
Bollerslev, and Diebold, 2010, for a review about volatility jumps). Anderson, Bollerslev, Diebold,
and Vega (2003), Andersen, Bollerslev, Diebold, and Vega (2007) �nd evidence of signi�cant in-
tradaily price movements in response to macroeconomic announcements. Similarly, Johannes
(2004) �nds how estimated jumps in a parametric jump di�usion model for daily interest rates
are associated with speci�c macroeconomic news events. More in general, volatility models ac-
commodate the presence of jumps: Pa�on and Sheppard (2015) analyze the impact of signed
jumps on volatility persistence, while other papers found a limited importance of jumps for fore-
casting volatility (Andersen, Bollerslev, and Diebold, 2007, Forsberg and Ghysels, 2007, Busch,
Christensen, and Nielsen, 2011).

Typically a constant announcement e�ect is assumed on returns and volatility (see, for ex-
ample, Wright, 2012, Ha�ori, Schrimpf, and Sushko, 2016, Joyce, Lasaosa, Stevens, Tong, et al.,
2011, Bom�m, 2003): we depart from such an approach by allowing for a time varying impact
of announcements on volatility. We do so by exploiting the availability of ultra–high frequency
based estimators of volatility (see McAleer andMedeiros, 2008, for an exhaustive review), and the
possibility of deriving signi�cant jumps from di�erent volatility measures by following Andersen
et al. (2007).

In this context, one class of models that has proved itself successful in modeling volatility
without resorting to logarithms and allowing for a variety of dynamic speci�cations is the Multi-
plicative Error Models stemming from the seminal paper by Engle (2002) (see Cipollini and Gallo,
2022, for a recent survey). Cipollini, Gallo, and Otranto (2021) show thatMEMs aremore robust to
the presence of measurement errors in volatility than other volatility models. Caporin, Rossi, and
Santucci De Magistris (2017) specify a MEM with jumps (MEM–J) where a latent process is mul-
tiplied to the conditional mean of the realized volatility, capturing extremely large realizations
lying on the right tail of the distribution, especially in correspondence of �nancial crises. More
in detail, the multiplicative jump component is generated by a mixture of independent Gamma
random variables with the number of components equal to the number of jumps: the la�er is a
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random variable as well, following a Poisson distribution.
Here, we propose a new MEM which decouples the dynamics of expected volatility into a

component for the continuous part of volatility and one for the discontinuous jump component.
It belongs to the class of composite MEM (Brownlees, Cipollini, and Gallo, 2012, Otranto, 2015),
which allows for a straightforward identi�cation and interpretation of the jump component. �e
series of interest is built as intradaily volatility at thirtyminute bins as an aggregation of (squared)
returns observed at higher frequency, and special care is devoted to accommodating time–of–day
e�ects. Focusing on a short window around each Fed’s communication, our model allows for the
identi�cation of the impact of monetary policy announcements on volatility in the bin following
the announcement itself. �is has the important feature of zooming in to a particular time of
the day, rather than relying on the daily scale which could carry some contamination from other
relevant events that may occur within the same announcement day. �e main goal of estimated
results is thus to provide the basis for a new classi�cation procedure of monetary announcements
on the basis on their impact on volatility jumps right a�er the time of the announcement. We
perform our analysis on several tickers, showing that our classi�cation approach is consistent
across tickers and provides useful information for both policy makers and investors about the
impact of monetary announcements on the volatility of speci�c sectors of the market.

�e proposed approach belongs to the category of model-based clustering (For a review
of clustering methods see Maharaj, D’Urso, and Caiado (2019) and Liao (2005)). Importantly,
Aghabozorgi, Shirkhorshidi, and Wah (2015) distinguish between whole, subsequent and time-
point clustering “aimed at detecting both expected and unusual pa�erns through the identi�ca-
tion of dynamic changes in time series features”. Our approach belongs to the time-point tech-
niques, not involving the classi�cation of the full time series under investigation (see Caiado
and Crato, 2007, Otranto, 2008, De Luca and Zuccolo�o, 2011, for applications on �nancial time
series).

�e paper is structured as follows. Section 2 documents the construction of the dataset, where
the volatility estimators are de�ned, together with the identi�cation of signi�cant jumps (Section
2.1), discusses the empirical regularities of intradaily volatility (Section 2.2) and the relationship
between monetary policy announcements and volatility jumps (Section 2.3). Section 3 introduces
the model, with estimation results in Section 3.1. �e novel model–based classi�cation approach
is presented in Section 4, while Section 4.1 shows the empirical results. Finally, Section 5 con-
cludes with some remarks.

2 An intradaily view of policy announcements
In contrast with previous contributions, we deem it interesting to adopt a strategy to investigate
whether a policy announcement has a market volatility impact at or around the time of an-
nouncement itself, using intradaily data. �is requires to build suitable variables tracking market
activity within the day, dividing up the opening hours into elementary bins (in what follows, �ve
minutes, but even smaller bins can be chosen) and then build larger bins (here, thirty minutes)
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to derive realized volatility measures.
�e goal is to exploit the properties of di�erent volatility measures to estimate a volatility

jump at this thirty–minute frequency: we model the evolution of the corresponding volatility
with an intradaily Multiplicative Error Model with two components, one tracking the dynamics
of the continuous part of volatility and the other reacting to the signi�cant jumps (in the sense
of Andersen et al., 2007, as de�ned in Equation (3) in Section 2.1 below). �e intuition is that
the behavior of volatility may be perturbed by the content of an announcement, so that a com-
plementary goal is to classify jumps on an announcement day according to given interpretable
features (local maximum, local minimum, an increase or a reduction).

2.1 De�nitions and notation

We start from an elementary price series ? 9,C (in logs) at regular intradaily intervals 9 = 0, . . . ,#
from opening ( 9 = 0) to closing for day C , and we compute the corresponding returns:

A 9,C = ? 9,C � ? 9�1,C , 9 = 1, . . . ,# ⇤.

where# ⇤ is the number of elementary binswithin the day. Correspondingly, we build the realized
volatility (RV herea�er) series at a lower intradaily frequency 8 = 1, . . . ,# as the square root of
the realized variance obtained as the aggregation of squared returns over " elementary bins
(# = # ⇤/"):

'+8,C =

vut 8"’
9=(8�1)"+1

A 29,C , 8 = 1, . . . ,# . (1)

For example, when considering elementary �ve–minute bins, # ⇤ = 78, when " = 6 (thirty–
minute realized volatility), # = 13.1

As noticed by Barndor�-Nielsen and Shephard (2004a, 2006), the presence of volatility jumps
involves a certain bias in the RV estimator; the same authors propose a jump-robust measure of
volatility, the so–called realized bipower variation (BV):

⌫+8,C = b�2
8"’

9=(8�1)"+2
|A 9,C | |A 9�1,C |, (2)

where b =
p
2/c is a scale factor representing the mean of the absolute value of the standardized

normally distributed jump term. �is measure is used to distinguish, in a nonparametric way,
the continuous component of volatility from the jump component. �e la�er is obtained as a
positive di�erence between '+ and ⌫+ , as<0G (0,'+8,C � ⌫+8,C ) (see also Andersen et al., 2007).
�is measure considers as jumps all the cases where '+8,C > ⌫+8,C , whereas we are interested only
in caseswhere the jumpmodi�es signi�cantly the pro�le of the volatility. From the characteristics

1As suggested by Liu, Pa�on, and Sheppard (2015), considering moderate sampling frequency provides a robust
to microstructure noise estimator of volatility.
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of '+8,C and ⌫+8,C in what concerns jumps, Andersen et al. (2007) use the test statistic for signi�cant
jumps developed by Huang and Tauchen (2005) on the basis of the distributional assumptions
stated in Barndor�-Nielsen and Shephard (2004a, 2006), i.e.,2

�8,C = "�1/2 ('+ 8,C�⌫+ 8,C )'+ �1
8,C

[(b�4+2b�2�5)<0G (1,)&8,C⌫+
�1
8,C )]�1/2

, (3)

where )&8,C is the realized tripower quarticity, a robust estimator for the so-called integrated
quarticity, given by:

)&8,C = "�1[�34/3

8"’
9=(8�1)"+3

|A 9,C |4/3 |A 9�1,C |4/3 |A 9�2,C |4/3, (4)

where [4/3 = 22/3�(7/6)�(1/2)�1.
Based on the jump test statistic, �8,C , we disentangle '+ into the continuous or jump-robust

component ⇠8,C , and a pure (discontinuous) jump component ( �8,C (Andersen et al., 2007):

⇠8,C = I[�8,C�@]'+ 8,C + I[�8,C>�@]⌫+ 8,C

( �8,C = I[�8,C>�@] ('+ 8,C � ⌫+ 8,C ),
(5)

where I[�8,C�@] is an indicator function and �@ is a speci�c quantile of the standard normal dis-
tribution, so that a signi�cant jumps is identi�ed only if �8,C > �@ .

2.2 Features of intradaily volatility

We develop our analysis on a set of intradaily RV series relative to some assets exchanged in
the NYSE market, representing di�erent sectors: Microso� (MSFT), as representing the Informa-
tion Technology (IT) sector; Goldman Sachs (GS) and JP Morgan (JPM) for the �nancial sector;
Johnson & Johnson (JNJ) for the pharmaceutical sector; 3M (MMM) and Caterpillar (CAT) for the
industrial sector; Home Depot, Inc. (HD) for the customer discretionary sector. �e time span
covers the period January 3, 2010 – December 31, 2021; the number of observations di�ers series
by series and is illustrated in successive Table 2.3

�e evolution of the intradaily series RV according to Eq. (1) can be shown, as an example,
in Figure 1 in reference to two of the series (MSFT and JPM) that we will study more in detail
in Section 3.1. A familiar pa�ern of persistence emerges, which is common to �nancial time
series (even at intradaily frequency) with an occasional occurrence of bursts in the level, possibly
due to the presence of jumps. Besides this commonly encountered volatility clustering, there is
a changing local average volatility level. �is amounts to alternating between relatively long
periods of low volatility and more short-lived periods of higher volatility (for ease of reference,

2In (3) the max adjustment derives from the Jansen’s inequality, as shown in Barndor�-Nielsen and Shephard
(2004b).

3�e data are built starting from the tick–by–tick series of prices in the Trade and�ote (TAQ) database, which
were cleaned according to the Brownlees and Gallo (2006) procedure and then sampled at �ve–minute intervals.

5



identi�able by thewhite gaps at the bo�om of the series in the graph). For example, periods of low
volatility are observed in the middle of the sample, while high volatility corresponds to turbulent
periods for �nancial markets, such as the sovereign debt crisis started in the Eurozone, in the
period 2010–2012, occasional �ash crashes – e.g. the ones on May 6, 2010 and August 8, 2011 –
the Brexit referendum in June 2016, and the Covid-19 pandemic starting on March 2020. Within
the same �gure one notices several spikes, which we investigate in relationship with the dates
of the Fed’s monetary policy announcements (some of which are marked as vertical blues lines).
�is is the case, for example, of the announcements released on August 9, 2011 and March 3,
2020 concerning decisions about the Federal Funds Rate (FFR). Conversely, some announcements
caused a spike only for some assets (e.g. the announcement on January 26, 2011 for MSFT), while
in other cases one can consider the content of the announcement was anticipated by market
agents, and hence had less detectable e�ects on volatility (cf. March 15, 2017).
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(a) MSFT
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RV Monetary policy announcements

(b) JPM

Figure 1: 30-minute realized volatility for MSFT and JPM (black line) and selected monetary policy an-
nouncements (blue line, details in the text). Sample period: January 3, 2010 – December 31, 2021.

One aspect that we need to incorporate in our subsequent analysis is that the intradaily series
are characterized by time–of–day periodic e�ects.4 In the top panels of Figure 2, for both '+ and
⌫+ of the MSFT stock, we document a U–shaped pa�ern of the 13 bin–speci�c averages, which is
common to other intradaily �nancial time series (e.g. �nancial durations as in Engle and Russell,
1998) and is related to the concentration of market activity at the beginning and at the end of
the day. �e sample mean of the �rst bin of RV is 50% (respectively, 36% for BV) higher than the
mean of the second bin, and is 143% (112%) higher than the mean of the rest of the day as a whole.

�e same phenomenon shows up also in the periodogram of the two realized volatility series
for MSFT as in the bo�om panels of Figure 2, where both RV and BV show a very persistent
behavior with regular peaks of autocorrelation. We thus need to remove this pa�ern from the

4�is component a�ects even the estimation properties of the realized volatility series (BV in particular), as
reported by De�e, Golosnoy, and Kellermann (2022).
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Figure 2: RV and BV intradaily bin–speci�c means, panels (a)-(b). Sample periodogram, panels (c)-(d) for
the '+ and ⌫+ of the MSFT ticker. Sample period: January 3, 2010 – December 31, 2021.

series in order for it not to interfere with the modeling e�ort: we follow the strategy of pre–
�ltering the ⌫+ data multiplicatively, by deriving a time–of–day scale factor ĉ8 for the series,
calculated on the basis of moving averages.5 �e adjusted BV series is therefore,

f⌫+ 8,C = ⌫+8,C ĉ8,

and the same periodic scale factor ĉ8 is used to remove periodicity in RV as

f'+ 8,C = '+8,C ĉ8 .

Such a strategy does not alter the original proportions between RV and BV, maintains our capa-

5Such a scale factor is calculated by the MATLAB procedure detailed as Seasonal Adjustment Using a Stable
Seasonal Filter.
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bility of computing volatility signi�cant jumps, and preserves the positiveness of our variables.
�e outcome is exhibited in Figure 3, where now the panels (a)-(b) show the intradaily bin–

speci�c means on the adjusted series. Interestingly, the f'+ series has an average peak in the �rst
half–hour, which is not present in the corresponding f⌫+ series, a fact that is present also in other
tickers with varying intensity. �e panels (c)-(d) give the corresponding autocorrelation pa�ern
which show that persistence is preserved and occasional peaks are much less pronounced and
not at regular intervals.
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(d) f⌫+
Figure 3: RV and BV intradaily bin–speci�c means, panels (a)-(b). Sample periodogram, panels (c)-(d) for
the f'+ and f⌫+ of the MSFT ticker. Sample period: January 3, 2010 – December 31, 2021.

A preliminary element to be considered in the subsequent modeling e�ort is that the �rst
order autocorrelations are fairly stable across bins during the day (between 0.55 and 0.7), and
similar between f'+ and f⌫+ : the evidence of the adjacent bins autocorrelations, namely d⌘+1,⌘
with ⌘ = 1, . . . , 12, for the two series (averaged across the seven tickers considered) is reported
in Table 1.
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Table 1: Adjacent bins autocorrelations d⌘+1,⌘ with ⌘ = 1, . . . , 12 of f'+ and f⌫+ . Sample period: January
3, 2010 – December 31, 2021.

d2,1 d3,2 d4,3 d5,4 d6,5 d7,6 d8,7 d9,8 d10,9 d11,10 d12,11 d13,12

f'+ 0.556 0.615 0.654 0.639 0.637 0.651 0.694 0.696 0.563 0.604 0.681 0.647
f⌫+ 0.550 0.612 0.631 0.637 0.639 0.639 0.701 0.676 0.578 0.607 0.664 0.674

Table 2 reports the descriptive statistics of f'+ and f⌫+ for the selected assets, with information
on the number of signi�cant jumps reported at the bo�om of the table.6 As regards the descriptive
statistics, as expected, f'+ displays a higher variance and skewness than the f⌫+ , as a consequence
of the former containing more marked peaks.

Table 2: f'+ and f⌫+ descriptive statistics and number of jumps for the selected assets. Sample period:
January 3, 2010 – December 31, 2021. Note: In parenthesis the percentage number of jumps recorded at
2pm, the usual release time of monetary policy announcements.

MSFT GS JPM JNJ CAT MMM HD

f'+
Mean 16.1903 18.5104 17.3784 11.8468 18.6788 13.6399 15.2114

Variance 125.1792 166.0786 162.6887 93.4233 154.3629 115.6457 125.1861

Skewness 4.4821 5.3034 5.6508 10.8788 3.6310 14.2084 6.3643

Kurtosis 50.7372 74.2214 81.9603 334.7588 33.4567 774.0527 89.8634

f⌫+
Mean 15.6820 17.9895 16.7777 11.4365 18.1290 13.2029 14.7073

Variance 123.7737 158.6057 153.4413 86.9198 151.3073 109.7661 120.7211

Skewness 4.6526 4.5803 5.0917 10.1127 3.7135 14.0110 6.2632

Kurtosis 57.6541 53.1502 67.4249 286.7568 35.8078 797.0519 89.3921

# of jump 19562 19308 19784 19709 19380 19575 19569

# of SJ 11623 11524 11997 11772 11502 11608 11672

Total obs. 38844 38961 38909 38961 38961 38883 38909

An average of 7 jumps per day is detected: in view of the following discussion, we note that
the fraction of signi�cant jumps recorded at 2pm, when the announcements are usually released,
is about 8%.

6We compute ( � in Eq. (5) choosing @ = 0.55, i.e. a value of �8,C bigger than 0.126 identi�es a jump as signi�cant.
We prefer to consider most jumps as signi�cant, at our intradaily frequency, since, depending on the market activity
level, even a small trade could induce a volatility jump within a trading day.
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2.3 Jumps and announcements

�e series of monetary announcements is obtained starting from the policy statements released
by the Federal Open Market Commi�ee (FOMC) a�er each meeting. Furthermore, it is possible
to characterize forward guidance as a particular kind of monetary policy announcement, by ex-
ploiting the information included in the FOMCmeeting minutes7 (see, for example, Ha�ori et al.,
2016). In the sample period considered, 104 monetary policy announcements were released, 47
of which can be labeled as forward guidance.

To give a visual documentation of the relationship between monetary announcements and
signi�cant volatility jumps, Figure 4 shows the evolution of f'+ (grey line, le� axis) together with
the signi�cant jump size observed on announcement days (blue dots – both empty and solid –
right axis scale) between December 14, 2016 and December 31, 2021 with a total of 44 announce-
ments, 23 of which correspond to a signi�cant jump. On the basis of the empirical evidence in
Figure 4, it is clear how the announcement e�ect is not constant over time: in particular, while
some announcements have a limited impact on jumps, for some speci�c Fed’s communications,
signi�cant jumps account for more than 20% of the overall level of volatility8 (blue dots). �is
is the case, for example, of the announcements released on March 20, 2019 and June 19, 2019,
when the FOMC decided to maintain the FFR at 2.25–2.50 percent. Interestingly, a similar deci-
sion (with FFR remaining unchanged at 0-0.25 percent) on September 16, 2020, is associated to
a jump marking 55% of the total level of volatility. Yet, a signi�cant jump is also identi�ed on
March 3, 2020, when the FFR was reduced by 0.5%. Finally, on March 17, 2021 and June 16, 2021,
the Fed decided to leave the FFR unchanged while increasing its holding of Treasury and agency
mortgage-backed securities, corresponding to jumps of 35 and 20% respectively. In synthesis, the
same quantitative decision could translate into a di�erent qualitative impact on jumps, pointing
to the relevance of market expectations about the announcement rather than the decision per se.

3 �e model
�e class of Multiplicative Error Model (MEM – Engle, 2002, Engle and Gallo, 2006, the la�er
allowing for asymmetric e�ects based on the sign of the returns – AMEM) has proved an ap-
propriate tool to model the volatility dynamics since it preserves the positivity of the variable
without resorting to logs and it allows for a direct prediction of conditional volatility (rather
than realized variance). �e model takes volatility to be the product of a time-varying positive
conditional mean `8,C (whichmirrors the GARCH-type logic, Bollerslev, 1986), times an error term
n8,C with a positive support.

7Data about the date, the time and the content of monetary policy announcements are available at https:
//www.federalreserve.gov/monetarypolicy/fomchistorical.htm

8Noticing that f'+ 8,C = ⇠8,C + ( �8,C , the share of volatility due to signi�cant jumps can be computed as

( �8,Cf'+ 8,C

= 1 � ⇠8,Cf'+ 8,C

.
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Figure 4: MSFT realized volatility grey line, measured on the le� axis) and jumps (blue dots both empty
and solid, on the right axis) associated to monetary announcements (details in the text). Solid blue dots
identify volatility jumps accounting for more than 20% of the overall level of volatility. Sample period:
December 14, 2016 – December 31, 2021.

In this paper, we propose an AMEM as the econometric model for the analysis of the impact of
monetary policy announcements on volatility jumpswhere the conditional mean is the sum of the
two latent (continuous and jump, respectively) components of volatility. In view of the empirical
regularities of intradaily volatility discussed in Section 2.2, in particular, a more intense market
activity at the opening time of the market should be accommodated. �e resulting model for f'+
is called the Asymmetric Jump Multiplicative Error Model (AJM). �e conditional mean `8,C in
the model is speci�ed as the sum of e8,C , i.e. the conditional expectation of the continuous part of
f'+ 8,C (having more persistence) and the corresponding component for jumps ^8,C which reacts to
the signi�cant jumps:

f'+ 8,C = `Cn8,C n8,C |F8�1,C ⇠ �(o, 1o )
`8,C = e8,C + ^8,C
e8,C ,= [l + U1⇠8�1,C + U2⇠8�2,C + Ve8�1,C + W��8�1,C⇠8�1,C ] + X1 |A8,C¢ | + X2⇠8�1,C,⇡8�1,C
^8,C = i`8�1,C +k( �8�1,C ,

(6)

where F8�1,C is the information set at the previous bin (for the �rst bin of the day it is the last bin
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of the previous trading day).
In the speci�cation for e8,C we represent a standard AMEM(2,1) dynamics in square brackets,

with a constant, two terms involving the most recent continuous part of volatility, the past con-
ditional expectation and the asymmetric term related to the sign of the most recent return using
��8�1,C , as a dummy variable taking value 1 if the return of the previous bin is negative, 0 otherwise.
We also need to take into consideration two important sources of additional dynamics: the �rst
new term in the model re�ects the presence of news accumulation during the night which we
translate into the explicit consideration of the overnight return as a separate term A8,C¢.9 �e sec-
ond, separate, term re�ects the need for the �rst bin volatility to require a particular treatment in
its impact on the second bin; accordingly, we use a dummy variable ⇡8,C , which takes value of 1
for the �rst bin (30 minutes) of each trading day in our sample, i.e., ⇡8,C = 1 for 8 = 1 and ⇡8,C = 0
for 8 = 2, . . . , 13. �is allows us to disentangle the impact of market activity in the �rst bin of the
day from the market activity in the rest of the day. In this regards, it is straightforward to expect
X1 > 0 (the size of the overnight return, be it positive or negative, signals a surprise at opening
which will have an increasing e�ect on volatility) and X2 < 0 (less response of the second bin to
the volatility recorded in the �rst bin).

As for the jump component ^8,C , representing the model expectation about volatility jumps,
we keep a simple speci�cation as an AR(1) driven by the observed signi�cant jump series with
an expected positive coe�cientk .

When working with volatility components, stationarity of both e8,C and ^8,C are required for
the model to be stationary in covariance: relying on the identi�cability results of (Engle and Lee,
1999), we characterize the continuous component as being more persistent than the short lived
nature of jumps, that is, 0 < i < V < 1 in Eq. (6). As for the required positiveness, while the
usual GARCH constraints (l,U1, V,W > 0) hold even in our framework, in the AJM(2,1) U2 can
also assume negative value, with U2 > �U1V ensuring e > 0 (Cipollini, Gallo, and Palandri, 2020).

Among the distributions with positive support that can be speci�ed for n8,C , we opt for the
Gamma distribution, because of its �exibility (values of o ensure di�erent shapes) and in view
of its robustness (see Cipollini, Engle, and Gallo, 2013, for the equivalence between �rst order
conditions and moment conditions in the univariate case). �e Gamma generally depends only
on the shape parameter o , so that it has a unit mean and a constant variance (1/o): this makes the
model very �exible with not only a time-varying conditional mean ⇢ (f'+ 8,C |F8,C�1 = `8,C ) but also
a time varying conditional variance +0A (f'+ 8,C |F8,C�1 = `28,C/o). �e main implication of having a
time varying volatility of volatility is that heteroskedasticity is implicit in the model, giving the
opportunity of capturing possible structure in the innovations without resorting to any auxiliary
regression.

Finally, Maximum Likelihood estimation involves �asi Maximum Likelihood (QML) prop-
erties, ensuring consistency and asymptotic normality of the coe�cient estimators (Engle, 2002),
regardless the appropriateness of the selected distribution for the error term (Engle and Gallo,

9It is given by the di�erence between the opening log price of day t and the closing log price of the previous
day t-1, so that C¢ denotes the time between t-1 and t. At the end of the �rst bin, such information is known.
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2006). However, since o is unknown, robust standard errors (White, 1980) are a good strategy to
shield against the actual shape of the distribution.

Our model can be seen as an extension of the Composite MEM (ACM, Brownlees et al., 2012),
which accounts for a short and a long run component of volatility, and the Spillover AMEM
(SAMEM, Otranto, 2015), characterized by a speci�c component of volatility capturing spillover
e�ects. Furthermore, the proposed model shares some similarities with the Markov switching
ACM (MS-ACM) proposed by (Gallo, Lacava, and Otranto, 2021), in which monetary policy an-
nouncements are classi�ed according to their impact on a policy-related component of volatility.
A major di�erence is that here we have a volatility component characterized by jumps rather
than a regime switching speci�cation. Moreover, our method of classifying announcements is
based on the estimated jump component, which is not explicitly in�uenced by policy variables
as in the MS–ACM.

3.1 Estimation results

�e estimation result are presented in Table 3 where, for each ticker, two models are compared,
di�ering from each other by the presence of a second lag when considering past continuous
volatility.

Table 3: Estimation results with robust standard errors in parenthesis (panel a) and P–values of the Ljung-
Box statistics on residuals (panel b), with �0.55. Sample period: January 03, 2010 – December 31,2021.

Panel a) Estimation results

MSFT GS JMP JNJ CAT MMM HD
l 0.5749 0.1173 0.5765 0.2064 0.5168 0.1141 0.4052 0.1679 0.5436 0.1115 0.3309 0.2215 0.4578 0.1803

(0.0364) (0.0358) (0.0460) (0.0399) (0.0418) (0.0246) (0.0340) (0.0246) (0.0381) (0.0317) (0.0313) (0.0389) (0.0379) (0.0435)

U1 0.2199 0.2589 0.1997 0.2463 0.2116 0.2662 0.2012 0.2442 0.2060 0.2523 0.1829 0.2229 0.1829 0.2255
(0.0068) (0.0061) (0.0069) (0.0058) (0.0074) (0.0061) (0.0081) (0.0067) (0.0068) (0.0059) (0.0073) (0.0080) (0.0071) (0.0068)

U2 -0.2045 -0.1706 -0.2065 -0.1556 -0.2015 -0.1081 -0.1498
(0.0128) (0.0118) (0.0098) (0.0105) (0.0107) (0.0188) (0.0167)

V 0.7668 0.8926 0.7905 0.8763 0.7769 0.8961 0.7956 0.8723 0.7829 0.9018 0.8032 0.8465 0.8037 0.8728
(0.0088) (0.0177) (0.0085) (0.0110) (0.0108) (0.0110) (0.0099) (0.0094) (0.0093) (0.0146) (0.0091) (0.0118) (0.0093) (0.0141)

W 0.0360 0.0105 0.0268 0.0137 0.0306 0.0112 0.0155 0.0122 0.0292 0.0100 0.0348 0.0273 0.0340 0.0174
(0.0033) (0.0032) (0.0030) (0.0023) (0.0031) (0.0022) (0.0034) (0.0023) (0.0032) (0.0025) (0.0036) (0.0040) (0.0032) (0.0035)

X1 0.0237 0.0081 0.0248 0.0137 0.0228 0.0089 0.0274 0.0154 0.0242 0.0086 0.0236 0.0173 0.0207 0.0107
(0.0020) (0.0023) (0.0019) (0.0020) (0.0020) (0.0017) (0.0034) (0.0030) (0.0018) (0.0022) (0.0021) (0.0026) (0.0022) (0.0023)

X2 -0.0614 -0.0304 -0.0471 -0.0358 -0.0496 -0.0270 -0.0606 -0.0494 -0.0467 -0.0207 -0.0460 -0.0457 -0.0472 -0.0344
(0.0074) (0.0086) (0.0076) (0.0072) (0.0081) (0.0067) (0.0083) (0.0077) (0.0073) (0.0071) (0.0077) (0.0076) (0.0076) (0.0077)

i -0.2136 0.3509 -0.2144 0.2040 -0.1952 0.2762 -0.2367 0.1141 -0.1968 0.3342 -0.1876 0.0166 -0.2147 0.2117
(0.0290) (0.0575) (0.0312) (0.0501) (0.0380) (0.0427) (0.0392) (0.0475) (0.0392) (0.0574) (0.0388) (0.0685) (0.0439) (0.0695)

k 0.2322 0.2622 0.2084 0.2476 0.1897 0.2323 0.1902 0.2368 0.2112 0.2549 0.2251 0.2579 0.1962 0.2504
(0.0168) (0.0151) (0.0183) (0.0154) (0.0185) (0.0143) (0.0193) (0.0153) (0.0186) (0.0145) (0.0189) (0.0180) (0.0217) (0.0169)

o 5.6346 5.6748 5.8286 5.8705 5.8098 5.8783 5.3194 5.3593 5.9627 6.0183 5.7086 5.7287 5.7592 5.7922
(0.0510) (0.0517) (0.0551) (0.0569) (0.0579) (0.0575) (0.0589) (0.0607) (0.0535) (0.0534) (0.0668) (0.0681) (0.0549) (0.0554)

Loglik -121078 -120932 -126257 -126109 -123053 -122812 -110074 -109921 -125976 -125785 -113873 -113801 -118499 -118382

Panel b) Diagnostic: Ljung-Box (p-value)

LB1 0.0000 0.7314 0.0000 0.0005 0.0000 0.0176 0.0000 0.0994 0.0000 0.1319 0.0000 0.0000 0.0000 0.0023

LB5 0.0000 0.1392 0.0000 0.0000 0.0000 0.0096 0.0000 0.0009 0.0000 0.0070 0.0000 0.0000 0.0000 0.0000

LB10 0.0000 0.0100 0.0000 0.0000 0.0000 0.0017 0.0000 0.0000 0.0000 0.0108 0.0000 0.0000 0.0000 0.0000

Focusing on the unrestricted version of our model (second column, with U2, negative as ex-
pected), coe�cients are highly signi�cant with a persistence (measured as U1+U2+V+W/2+X2/13)
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estimated around 0.96 across the considered assets. As expected, a large part of volatility comes
from the ARCH terms, with Û1 ranging between 0.22 and 0.27 and Û2 between �0.11 and �0.21,
given that, at an intraday level, volatility is very sensitive to news (with the �rst lag), but then
contributes (with the second lag) to the absorption of news (see, for example Cipollini et al.,
2020). �is is also con�rmed by the coe�cients W , which measure the impact of bad news (as
represented by negative returns), are positive and signi�cant at a 1% level, with values between
0.010 and 0.03. �e positiveness of X1 represents evidence in favor of the market opening e�ect,
i.e. a response of volatility at the beginning of each trading day between 0.008 and 0.017, due
to whatever accumulation of news entails an overnight price movement. By the same token, the
other bin–speci�c e�ect, namely the e�ect of the �rst bin on the second bin (marked by X2), enters
the model with the expected (and signi�cant) negative sign, that is, the contribution to current
bin volatility from the previous one is lower for bins a�er the �rst one. In such a case, the total
e�ect is given by U1 + X2, ranging between 0.18 and 0.23 across the considered series. �is is in
line with what is shown in Figure 2: since volatility is systematically higher in the �rst bin, the
dynamics in the subsequent bins pays less a�ention, so to speak, to the previous bin value.

As for the jump component, the autoregressive coe�cienti is signi�cant hovering around 0.5
across tickers, pointing out to a low persistence of the jump component - in line with the common
view that volatility jumps are short-lived occurrences. Given our main hypothesis about the
relationship between observed and expected jumps, the coe�cient k is positive, with expected
jumps that are an increasing function of the identi�ed signi�cant jumps.

Figure 5 shows the evolution of f'+ 8,C (black line) together with its conditional expectation `8,C
(blue line) as estimated from the restricted model for MSFT, HD, JPM and CAT. In all the cases,
the series follow a similar path with `8,C being able of reproducing the spikes characterizing the
observed volatility series. Moreover, even the conditional mean is characterized by volatility
clustering, with high volatility corresponding to turbulent periods of the market (see discussion
is Section 2).

Panel b) of Table 3 shows the p–value of the Ljung-Box test statistics on residuals. �e richer
model manages to capture some of the residual autocorrelation which is present in the restricted
model (where U2 = 0). Even with this model (in the �rst column), estimation results remain
unchanged in terms of sign and signi�cance of the estimated parameters, with a slight worsening
of the ��ing properties. For what ma�ers later, the inclusion or exclusion of the second lag of⇠8,C

does not a�ect the classi�cation results, suggesting that residual autocorrelation does not have
an impact for clustering purposes.

4 �e classi�cation method
Classifying monetary policy announcements is important for both investors and policy mak-
ers who can employ useful information to predict the reaction of volatility to a Central Bank’s
communication. Our model suggests a simple mechanism for a model-based classi�cation of
monetary announcements according to their impact on volatility jumps, that is, we distinguish
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Figure 5: Deseasonalized realized volatility (f'+ 8,C , black line) and conditional expectation (`8,C , blue line)
for MSFT, HD, JPM and CAT. Model: restricted AJM. Sample period: January 3, 2010 – December 31, 2021.

expected jumps (as represented by ^8,C in Eq. 6) from what we call jump surprise or unexpected
jumps. �e la�er is de�ned as the di�erence between what we expect and what we observe,

� BDA?A8B4],g = ^],g � ( �],g

with g = C on announcements days and ] indicating the �rst bin past the announcement time.
In line with the already mentioned time-point classi�cation methods, focusing on the g an-

nouncement days, we suggest to classify the 104 Fed’s announcements, according to whether at
the bin ] within that day we detect

1. an Upward Spike (local maximum), if ^]�1,g < ^],g > ^]+1,g ;

2. a Downward Spike (local minimum), if ^]�1,g > ^],g < ^]+1,g ;
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3. a Boost (an increase), if ^]�1,g < ^],g ;

4. a Drop (a reduction), if ^]�1,g > ^],g ,

for ^ (and, similarly, for � BDA?A8B4 ). Note that the identi�cation of the Boost or the Drop bins of the
announcement day is made excluding the corresponding spikes.

Our classi�cation method has the merit of being immediately applicable when an announce-
ment is released and has the unique characteristic of giving information about the expected
jumps. �e impact of an announcement should a�ect the market in similar ways across stocks or
perhaps a�ect some sectors more than others: to that end, we evaluate the agreement about the
classi�cation obtained ticker by ticker, resorting to the adjusted Rand-index (Rand, 1971, Hubert
and Arabie, 1985) computed between pairs of assets. �is index ranges in the interval [0,1], tak-
ing value of 0 in the case of maximum di�erence between two methods, while it is equal to 1 in
the case of perfect matching.

In addition, in order to exploit all the information content of the expected jump series, we
propose to evaluate our method relying also on the number of times the classi�cation based on
^],g corresponds to the classi�cation based on � BDA?A8B4],g . By so doing, it is possible to assess the
ability of the model to anticipate a jump surprise. �is could represent a ma�er of interest for
investors who design trading strategy based on volatility (e.g. short and long positions based on
volatility options). Moreover, correctly predicting volatility to be in either the Upward Spike or
Downward Spike cluster might be useful in constructing the well-known momentum strategy.

4.1 Monetary announcements classi�cation

�e classi�cation results are shown in Table 4. �e �rst panel is devoted to the expected jumps
^],g : most of the announcements (around 37%) correspond to a Downward Spike, followed by
Upward Spikes (between 20% and 26% of the cases), and Boosts (between 12% and 20%). Results
are quite homogeneous across assets, even if only few announcements belong to the same cluster
for all the considered tickers. �is is the case of the announcements – classi�ed as Downward
Spike – released on October 30, 2013 and January 30, 2019, while the announcement on April
30, 2014 (communicating an increase in the assets purchases program) is related to a reduction
(Drop) of ^.

Results remain almost unchanged when dealing with jump surprise, with 2 announcements
(concerning decisions either on FFR or assets purchases program) having a common classi�cation
for all the assets.

Interestingly, some announcements a�ected only speci�c sectors. Considering the results
about expected jumps (refer to Figure 6 for a visual evidence of the comments that follow), for
example, the decisions about the FFR in certain dates (June 17, 2015; July 31, 2019; July 28, 2021)
are classi�ed as Upward Spike only for the �nancial sector. Conversely, some Fed communica-
tions had a di�erent impact in di�erent sectors, with announcements on April 27, 2016, August
1, 2018 causing a Upward Spike for the industrial sectors (as represented by CAT and MMM)
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Table 4: Classi�cation results based on the restricted AJM. 104 Fed’s monetary announcements are clas-
si�ed basing on their e�ects either on ^],g or on the jump surprise, �(DA?A8B48,C .

^],g
Monetary Announcements Forward Guidance

Upward Spike Downward Spike Boost Drop Upward Spike Downward Spike Boost Drop

MSFT 30 27 27 19 12 6 16 13
GS 30 27 30 17 9 14 20 4
JPM 28 35 28 13 16 17 11 3
JNJ 33 30 30 11 17 11 16 3
CAT 29 39 26 10 15 17 11 4
MMM 35 35 21 13 18 15 10 4
HD 25 39 26 14 12 13 13 9

� BDA?A8B4],g

Monetary Announcements Forward Guidance

Upward Spike Downward Spike Boost Drop Upward Spike Downward Spike Boost Drop
MSFT 32 45 5 21 14 17 4 12
GS 34 39 11 20 10 24 7 6
JPM 29 46 9 20 16 20 5 6
JNJ 34 51 5 14 16 25 3 3
CAT 32 47 10 15 15 22 5 5
MMM 34 45 4 21 17 18 3 9
HD 32 43 5 24 16 16 3 12

while they had the opposite e�ect (Downward Spike) on the �nancial and Information Technol-
ogy sectors. As expected, both the pharmaceutical (JNJ) and the customer discretionary (HD)
sectors are not integrated with the others, with around the 12%, respectively, 20% of announce-
ments that have a di�erent classi�cation with respect to the other securities. For the customer
discretionary sector, in particular, the 42% of announcements classi�ed as Drop has a di�erent
classi�cation when another stock is considered. �is does not hold for the IT sector (MSFT),
which shares the 27% of the classi�cation with the �nancial sector – the percentage is 26% (31%)
for announcements classi�ed as Upward Spike (Downward, respectively). For an investor, the
usefulness of this kind of information is twofold: on the one hand, knowing the degree of inter-
connection between sectors is important in designing diversi�cation strategy; on the one other,
predicting turning points of ^],g is crucial for investment strategies based on momentum. When
one turns to jump surprises, a higher degree of integration is encountered for the pharmaceutical
and customer discretionary sector with 37% classi�ed as Drop only for JNJ and HD. Similarly, the
integration between the IT and �nancial sectors increases, with 35% of announcements having
a common classi�cation for MSFT and JPM – the percentage is 33% (62%) if the Upward Spike
(Downward, respectively) is considered.
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Figure 6: Monetary announcements classi�cation based on expected jump ^: Upward Spike (solid blue
dots), Downward Spike (black dots), Boost (red dots) and Drop (green dots). Sample period: January 3,
2010 – December 31, 2021.

To be more rigorous in evaluating the accuracy of our classi�cation method, we rely on the
adjusted Rand-index computed between pairs of assets. Table 5 shows results deriving either
on ^ or � (DA?A8B4 (arranged pairwise in the upper, respectively lower, triangular matrix). Consis-
tently, elements of the lower portion (expected jumps) are pairwise larger than the corresponding
elements of the upper portion (surprise jumps), with indices that are close to 60%: since these
values are away from zero a similar clustering among tickers is apparent, but an idiosyncratic
component of reaction to announcements is present.

5 Concluding remarks
Anovel Multiplicative ErrorModel was suggested here to decouple the continuous part of volatil-
ity from its jump component, geared toward a model–based classi�cation of Central Bank’s an-
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Table 5: Panel a) reports the percentage adjusted Rand-index between pairs of assets basing either on ^
(lower triangular matrix) or �(DA?A8B4 (upper triangular matrix); panel b) refers to the percentage adjusted
Rand-index between ^ and �(DA?A8B4 ; panel c) shows the percentage adjusted Rand-index between ^ and
( � .

a) MSFT GS JPM JNJ CAT MMM HD
MSFT - 57.67% 56.70% 55.06% 57.37% 55.73% 57.04%
GS 63.13% - 58.78% 56.46% 56.91% 56.68% 57.39%
JPM 62.60% 61.54% - 55.04% 56.39% 57.13% 57.66%
JNJ 61.67% 61.31% 61.09% - 55.97% 56.42% 55.53%
CAT 62.79% 60.53% 60.38% 60.34% - 60.72% 57.43%
MMM 61.24% 60.51% 60.36% 59.65% 62.08% - 57.80%
HD 62.60% 60.87% 60.46% 59.93% 59.67% 60.29% -
b) 81.11% 75.58% 73.94% 77.22% 79.28% 79.37% 74.42%
c) 63.24% 56.55% 59.48% 62.47% 59.39% 61.82% 57.99%

nouncements based on their impact on volatility jumps. �is approach is di�erent from previous
analyses aimed at evaluating the impact of monetary announcements on volatility: �rst and fore-
most, we reconstruct the dynamics of intradaily volatility by thirty-minute bins distinguishing
a continuous part and a jump part components and accommodating some peculiarities related
to the time–of–day e�ect. We allow for a time-varying announcement e�ect, with each Central
Bank’s communication having its own e�ect on volatility. �is allows us to reconstruct expected
jumps and jump surprises, and then classify monetary announcements according to whether we
detect a local maximum (minimum) or a simple increment (reduction) of the considered series on
announcement days.

We apply our approach to seven US tickers focusing on the Fed’s monetary policy announce-
ments and we highlight the importance of its policy decisions for the evolution of stock volatility
and the dynamics of expected jumps. �e results on announcement days classi�cation reveal both
commonalities and di�erences among di�erent sectors of the market, with a high interconnec-
tion between the IT and �nancial sectors, with the pharmaceutical and the customer discretionary
sectors being less close. �is has the potential to provide useful information to both policy mak-
ers – who might acquire new knowledge about the �nancial implications of their policies – and
investors – for their investment and risk management decisions.

�e evaluation of our method, based either on the adjusted Rand-index or on the correspon-
dence between expected and observed jumps, reveals a good accuracy of our classi�cation, which
has the merit of being immediately applicable when an announcement is released.

�e model could be further re�ned by extending the number of lags in the speci�cation to
check whether it improves the autocorrelation properties of the residuals or it has an impact
on the subsequent classi�cation; moreover, a feedback e�ect could be accommodated within the
dynamics of the continuous part making it depend on the lagged expected jump component. In
the speci�cation, in line with the logic of the Composite MEM, the two components enter the
model additively, while an interesting comparison would be with a model with multiplicative
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components.
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