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1. INTRODUCTION

Given the prevalence of mergers and acquisitions1 in the modern economy,

modelling aggregate M&A activity is an important issue in economics.  In reality,

while we know that mergers come in waves that appear to be correlated with share

price levels2, we know little about the causes of merger waves and about the

econometric properties of the underlying aggregate merger series.  Attempts to

explain aggregate merger activity in terms of other aggregate or economy-wide

variables have produced weak and conflicting results3.

This paper makes two main contributions.  Previously, we have conjectured (Higson,

Holly, Platis, 2001) that the relative failure to explain merger waves may be a result

of systematic and well  documented biases in existing merger series.  This paper uses

a specially constructed UK merger series that is free from this sort of bias.   Recent

papers have argued convincingly that a Markov regime-switching framework

successfully describes the dynamic behaviour of aggregate merger activity.  The

contribution of this paper is to generalise this work by applying and evaluating

different specifications of a Markov-switching (MS) regime , using specially

developed specification tests.  Lack of adequate data has meant that the behaviour of

aggregate values of takeovers, as against numbers, has been relatively neglected in

the literature4, despite the potentially strong link of values to fundamentals and to

the underlying macroeconomic environment. The second contribution of this study

is an investigation of the dynamic behaviour of both numbers and values of mergers.

The great majority of studies report the presence of a stochastic trend in aggregate

                                                          
1 Henceforth we are going to use the terms ‘merger and acquisition’, ‘merger’ and ‘takeover’ interchangeably.
2 For evidence on wave patterns, see Golbe and White, 1988, 1993; Town, 1992; Linn and Zhu, 1997.  On the
correlation with share prices, see Weston, 1953; Nelson, 1959; Beckenstein, 1979; Melicher, Ledolter and
D’Antonio, 1983; Geroski, 1984; Guerard, 1985; Clark, Chakrabarte and Chiang, 1988b; Benzing, 1991, 1993;
Clarke and Ioannidis, 1996.
3 These measures include, among others, industrial activity, the growth rate of real GNP, Tobin’s q, interest rates, the
general business cycle, tax rates, capacity utilisation rates, the market premium, and the cost of debt.  See Nelson,
1959; Melicher, Ledolter and D’Antonio, 1983; Becketti, 1986; Poloncheck and Sushka, 1987; Holly and
Longbottom, 1988; Golbe and White, 1988; King, 1989; Weston, Chung and Hoag, 1990; Crook, 1995, 1996.
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merger series5.  As an example of the pervasiveness of this view consider Haque,

Harnhirun and Shapiro (1995) who, whilst finding evidence against a unit root,

nevertheless follow common practice and first-difference their series in further

applications.  A depiction of aggregate merger activity as non-stationary when it is

in fact stationary is likely to make attempts to relate it to other macro series more

difficult.

We argue that the apparent non-stationarity is due to the presence of a lower limit or

'cut-off' in the nominal size of transactions recorded in aggregate merger series.  The

cut-off may be explicitly imposed by the data compiler, or may be implicit when

series are based on the business press and thus reflect editorial policy, or reflect data

availability for different sizes of firm.  Inflation and economic growth then cause an

apparent increase in the number of transactions over time.  Discrete shifts in the size

inclusion criterion occur when the data compiler attempts to minimise the effect of

the cut-off problem.  This imparts a break to a series at that point, which cannot be

explained by reference to any of the underlying dynamics related to the mergers and

acquisitions process.  These discontinuities are compounded when researchers

concatenate series with different cut-offs to build long series.  Without better

information about the underlying distribution, researchers have been frustrated in

attempts to correct cut-off biases.  The use of, say, a log transform of the merger

series to suppress the cut-off bias also flattens the peaks and valleys in the data and

so reduces the researcher's chances of observing waves (Golbe and White, 1988, also

Shughart and Tollison, 1984; Town, 1992).    

The literature on the aggregate merger process contains a plethora of univariate

models, but papers by Town, 1992, and Linn and Zhu, 1997, demonstrate that the

merger process can be efficiently described using a non-linear, two-state Markov-

Switching (MS) model (Hamilton, 1989).  A discrete two-state Markov-Switching

process that allows for regime-switching behaviour to be generated endogenously,

                                                                                                                                                                                    
4 Some exceptions are Shughart and Tollison, 1984; Holly and Longbottom, 1988; King, 1989; Crook, 1995;
Yagil, 1996; Clarke and Ioannidis, 1996.
5 For example, Shoughart and Tollison, 1984; Clark, Chakrabat, We and Chiang, 1988a; Chowdhury, 1993;
Crook, 1995, 1996; Linn and Zhu, 1997.  Exceptions are Clarke and Ioannides, 1996, Guerard, 1989.
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provides an effective framework for detecting the causes of regime changes or

transitions between normal merger activity and merger waves. The key elements in

these models are the simultaneous presence of two processes at a point in time and

the (discrete) probabilistic choice between them.

Though the papers by Town, 1992, and Linn and Zhu, 1997, represent a significant

step, important questions remain open.  The level and form of the autoregressive

processes is not tested formally in these papers, but is assumed a priori. They do not

test competing models within this class, nor indeed assess the appropriateness of the

Markov-Switching specification itself.  Finally, we do not know how robust the

conclusions are to the data biases described above.

Our main results are as follows:

- Using unbiased merger series, the time series of aggregate merger activity follows a

wave pattern and is mean-reverting, i.e., stationary.

- The MS framework is an appropriate way to capture the aggregate merger process,

but the the two-state, autoregressive model (MS(2)-AR(p )) used by the earlier studies

is an over-parameterisation with respect to half of the series examined.  All of the

series tested, however, are adequately described by one of the three alternative MS

specifications presented here.

- We identify an additional characteristic of the process.  Aggregate numbers of

takeovers seem to display smooth transitions and relatively persistent levels,

whereas values seem to be subject to violent transitions and volatile levels. This is

consistent with mergers and acquisitions having a randomly sized distribution, with

a large merger having a significantly larger effect on total value than the integer

increments in the number series.

The paper proceeds as follows.  Section 2 describes the data and discusses sources of

bias in existing series. Section 3 develops the three MS models, Section 4 develops

the specification tests.  Section 5 describes the nature of aggregate merger activity

based on these results. Section 6 concludes.
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2. DATA

2.1  Data Used In This Study

We investigate eight aggregate annual merger series.  Series 1-5 describe the entire UK

quoted population from 1953-1998.  These series are complete and have no cut-off bias (see

Platis, 2000). All raw series are standardised to have zero mean and unit standard deviation,

by yyty ys
t

σµ /)( −= .

1. sukqn , the annual number of takeovers in the UK quoted population;

2. sukqnr, the ratio of the annual number of takeovers to the UK quoted

population (number ratio);

3. sukqv, the annual real value of takeovers, being market capitalisation on

completion, deflated using the GDP deflator (1980 pounds);

4. sukqvr, the ratio of the value of takeovers to nominal GDP.

As benchmarks, we also examine four existing series: three using UK Office of

National Statistics (ONS) data and the Linn and Zhu (1997) series for the US:

5   sonsn, annual numbers of takeovers from the ONS;

6 sonsv, annual value in million of pounds, from Business Monitor, deflated

using the

     GDP deflator (1980 pounds);

7 sonsvr  relative value measured as the percentage of the (nominal) values of

takeovers

     over the level of nominal GDP (UK National Accounts);

8.  suscon the Linn and Zhu (1997) concatenated US series.

Table 1 presents the statistics for each of the raw series. We can see that most of these

are not represented by a normal distribution at the 5% level or close, with the US

series displaying the greatest divergence from normality as indicated by the Jarque-

Bera statistic.6  Although, all series display some positive skewness and some of

these evidence of leptokurtosis, the rejection of normality is related to a combination

                                                          
6 The Jarque-Bera test statistic is distributed under the null of normality as a chi-squared distribution with two degrees
of freedom. A (theoretical) normal distribution has values of skewness and kurtosis of zero and three, respectively.
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of the frequency of waves and the difference between the merger waves and periods

of normal activity. In our case, there is evidence of significant leptokurtosis and

positive skewness only in the first and the last four series. Again, the US series

represents the extreme. It is easy to see that where the levels of the two types of

activity are closer and/or waves are a more frequent phenomenon, there is less

positive skewness and no evidence of leptokurtosis (see figures 4 - 7). This does not

necessarily contrast with the assumption that aggregate merger series are the result

of a mixture of two distributions (bimodal nature) as argued above. Hamilton (1994)

explains that a “… mixture of two Gaussian variables need not have … [a] bimodal

appearance … Gaussian mixtures can also produce a unimodal density, allowing

skew or kurtosis different from that of a single Gaussian variable …”7. This will be

taken up later in the paper. Generally, however, visual inspection of the respective

histograms8 suggests a possible bimodal distribution of aggregate mergers and the

presence of non-linearities, albeit not at the level that Linn and Zhu (1997) correctly

report for their concatenated US series. This provides the first piece of evidence that

the rejection of  a linear model may be related to the biases in the US series, and not

to the presence of non-linearities, per se.9

MODELLING THE MERGER PROCESS IN A MARKOV REGIME- SWITCHING

FRAMEWORK

Following Hamilton (1989), we can depict a system containing two states of the

world, periods of intense merger activity, or 'merger waves', and periods of normal

merger activity, indicated by 1=ts  and 2=ts  respectively. Transition between states

is governed by a first-order Markov chain,

                                                          
7 Hamilton (1994), p. 687.
8 These are not presented due to lack of space. They are available on request.
9 In fact, Platis (2000, Chapter 3) shows that all series except that for the US, are described adequately as linear
models at the cost of ‘smoothing out’ some of the (non-linear) dynamic behaviour of the series.
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Transition is independent of the levels of previous merger activity,

ijttwtttt pisjsylsisjs ======= −−−− ]|prob[],...,,|prob[ 121 ; [2]

Kij ,...,1, = ; ... ,2 ,1=w  .

The density function for each state, conditional on the realisation of each state and

previous states, is:

);, ... ,,,|(
21 ¨x rttttt sssyp −− [3]

Here ),...,,(
121 rtttt yyy −−−=′x , 12 rr ≤ , and ¨ is the vector of parameters characterising

this conditional density.  [3] is conditional on each of the 12 +rK  unobservable

realisations of ts  and its previous realisations.  In the present case there are K = 2

states and 122 +r  density functions.  Parameters are obtained from maximum

likelihood estimation of an )1( ×m  vector of parameters, « , that includes ¨  and those

parameters related to the probability distribution of ts . This conditional likelihood

function at date t is described by:

);|( «X ttyp [4]

where ),( p¨« ′′=′ , with p  the vector of all non-redundant elements in [1], defined in

this two-state system as ) ,( qp=p .  ),...,,...,( 101 1+−−≡ rtt yyyX  is the vector of 1−t   past

observations of the endogenous variable.

We examine three specifications of this system.  In all models, tε ~ iid ),0( 2

tsN σ  so

that the conditional densities are normal with the variance dependent only on the
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current state; and there are two states with realisations denoted by ts , and which are

normalised by setting 1=ts  to represent the wave state.

1. MSM(2)-AR(1).   The benchmark model is what Clements and Krolzig (1998)

call MSM(2)-AR(1), denoting 'Markov Switching in the Mean with two states plus a

first-order autoregression across regimes'.  This is the model used by Linn and Zhu

(1997), who, like the present study, use merger series at annual frequency.  It can be

thought of as equivalent to the second-order autoregression of Town (1992), given

the quarterly frequency of his series.

tstst tt
yy εµφµ +−+=

−− )(
11 . [5]

ts
µ  and 

1−tsµ  represent the level of the series in the current and previous states,

respectively. 11 =r , 12 =r , and  ) , , , , , ,( 2
2

2
121 qpσσφµµ=λ .

2. MSM(2)-AR(0).   This model allows for no dependence of current levels of

merger activity on either previous levels, previous states, or transitions.  Since there

are no autoregressive dynamics, 01 =r , which implies 02 =r  since 12 rr ≤ .  Hence:

tst t
y εµ += . [6]

Here, « is a )16( ×  vector, ) , , , , ,( 2
2

2
121 qpσσµµ=« .

Essentially, allowing for autoregression in the MS framework smoothes the

transition between states.

3. MSI(2)-AR(1).  The third specification is what Clements and Krolzig (1998) call

'MS in the Intercept'.  In its general form, its conditional density involving

unobservables is the same as model 2, and its first-order autoregressive specification

is given by:

ttst yy
t

εφα ++= −1 . [7]
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As in model 2, 02 =r  since 1−ts  does not appear in the conditional densities, and as in

model i: ) , , , , , ,( 2
2

2
121 qpσσφµµ=λ .   Model 3 is autoregressive ( 11 =r ), but has

different transition dynamics to its MSM counterpart.

We consider this class of models as adequate for capturing aggregate merger

activity.   As is shown below, higher order models are not needed.  Furthermore,

these models permit straightforward application of the specification tests in

Hamilton (1996).

3. Specification Tests

Necessary test statistics can be constructed through the 'score' in the model, defined

as the derivative of the conditional log-likelihood of the tth observation with respect

to the parameter vector10.  The score vector, ) («h t , is the )1( ×m  vector whose ith

element is the derivative of the conditional likelihood of the tth observation in [4]

with respect to the ith element in « :

«

«X
«h

∂
∂

≡
);|(log

) ( tt
t

yp
. [8]

*φ  and *ζ  are zero under the respective nulls, i.e. 0:H *
0 =φ  and 0:H *

0 =′ ζ , where

other variables are defined by the above.  The following are tests for one higher

order lagged dependence of the conditional likelihood on both the unobserved state

and  the number of lags of ty  in each case.

The first test is for higher form dynamics with respect to one of the four descriptions

of the state of nature, which includes observations for both current and previous

states ( 2 ,1 , =ji ):

1
*

], [ A 1 ,
:H −== −

= tisjst ttji
εφδε , for 2 ,1 , =ji , [9]

                                                          
10 Hamilton (1996) presents specification tests for the basic switching model with conditional density dependent on

the current state only ( 02 =r ), embracing models 2 and 3.
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where [.]δ  represents the Kronecker delta; 1]A[ =δ  when event A occurs and zero

otherwise.

The second test is for higher form of lagged dependence with respect to one of the

two states, ts :

1
*

] [ A :H −== tjst ti
εφδε , for 2 ,1=j . [10]

The third test examines higher lagged dependence across regimes:

1
*

A :H −= tt εφε . [11]

The fourth test is for the existence of first-order ARCH effects plus one higher-order

state lagged dependence, in one of the two original states, ts .  Let th  represent the

conditional variance of  [5]:
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The final test is for the presence of first-order ARCH effects across regimes:
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To complete the calculation of the tests above for MSM(2)-AR(1), all we need is to

evaluate  the elements of the score vector in [8] at the MLE of « , «̂ , and construct the

standard errors for the MLE «̂ , through the two estimates of the information matrix

from these scores11.

These tests are all tests for the presence of higher order dynamics within a specific

functional form. So, in order to enable choice between the models, first we rank the

                                                          
11 Hamilton (1996) also shows the small-sample corrections to the tests in [9] and [13]. He demonstrates that in
a sample as small as 50 one should multiply the statistics in [9] and [13] by )/()( TlmT −  and

)/()( 00 TmmmT +− and compare the resulting statistics with a ) ,( mTlF −  and ) ,( 00 mmTmF +−
respectively.
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models starting from the lowest-order autoregressive ( 1r ), and lagged state-

dependent ( 2r ) model to the higher one. Then, we use the results from the tests to

check whether mis-specification in one model is due to the presence of the specific

higher dynamics present in an alternative. In cases where more than one non-

rejected models exists, criteria such as the pattern of the likelihood function (e.g.

presence of many local maxima and absence of a reasonably ‘global’ one12) and the

actual level of the maximum likelihood function for a given number of parameters

can also be used.13  In our case, the ranking is as follows: first is model 2, with

021 == rr ; then model 3 with 0 ,1 21 == rr ; and finally model 1 with 121 == rr .

Note, however, that the range of these tests is not complete for the MSI model(s); we

need to be able to test this against its higher-order MSM counterpart to assess the

presence of more violent autoregressive transitions in the alternatives. Then tests

such as those implied by [9], [10] and [11] are not very helpful within the MSI

specification, and refer to the intermediate cases where 12 rr <  and 02 ≠r .  An

additional, more direct test is also employed here with respect to the presence of the

same autoregressive-order MSM dynamics:

)(:H 11
*

], [C 1 , −−== −=
− tttji stisjst y µφδε , for 2 ,1=≠ ji . [14]

We have seen earlier that the only difference between MSM and MSI models lies in

the transition period. What these two tests ‘look for’, is for information remaining in

the error term of the MSI model that can be captured by these MSM dynamics,

during these two transition periods. This test can act as one of the decision rules to

identify whether the transition is smooth or more violent; that is, whether the

appropriate model is an MSI or an MSM, with the MSI specification as the null.

                                                          
12 Hamilton (1994) argues that in such mixture distributions a global maximum may not exist, due to the presence of
singularities. He suggests (p. 689) using the largest local maximum with a variance of both states greater than zero. In
fact, Kiefer (1978) shows that there exists a bounded local maximum of the likelihood function that yields a
consistent, asymptotically Gaussian estimate of the parameter vector.
13 Hamilton and Perez-Quiros (1996) point out that the application of this criterion is based on regularity conditions
which fail under the null, since the estimates for p and q do not converge in probability to any fixed population
parameters. Thus, this criterion, is not very dependable for these applications. It is mentioned in the following,
however, as an additional criterion among the alternatives.
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Furthermore, we need to check for the presence of higher-order autoregressive

dynamics within the MSI specification, which are different from the MSM case since

now 02 =r , both under the null and alternative specifications. The three following

tests do exactly that:

tststi tjst ααεφδε  1
*

] [ D 1
:H =−= −

= , for 2 ,1=j , [15]

which includes two tests for higher autoregressive dynamics in one of the two states

only, and

tsts
tt ααεφε  1

*
 D 1
:H =− −

= , [16]

for the across-regimes higher autoregressive dynamics specification.

The final specification test is for the non-autoregressive model, MSM(2)-AR(0). This

simple MS model can also be seen as an MSI specification in the sense that 02 =r

and thus its conditional density involving unobservables is given by [3].

5. Results

Table 2 presents the MLE estimates and standard errors for the MSM(2)-AR(1)

model, applied to all series.14 In some cases, the shape of the likelihood function

forced the programs to reach different local maxima for different initial values; in

such cases, the estimates with the highest likelihood value have been chosen and are

reported (Hamilton, 1990).15

The results in table 2 show significant differences among the merger series. The

levels of the state means and inter-state differences among these seem to display the

greatest disparity. Two of the series, sonsn and sukqvr, have an autoregressive

                                                          
14 In two of the applications in this paper, Hamilton’s MAXSEEK is used. This is in GAUSS and is available at
http://weber.ucsd.edu. For the other applications different versions of this program have been written to suit the
different specifications. With respect to the specification tests for these applications, Hamilton’s GRADCAL program
is used for one model (available from the same site), where again a series of other similar programs have been written
for the other specifications. These are all available on request.
15 In all cases examined in this paper, maximisation was achieved by a Broyden, Fletcher, Goldfarb, Shanno routine,
which proved more appropriate than the others available in GAUSS (version 3.2.29). In estimating the true parameter
vector, a great number of initial parameters was tested.
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coefficient of less than 0.4 whilst the rest are always close to or greater than 0.6. As

regards the reported variances of the two states, there seems to be a greater degree of

convergence among the different series in that the wave state seems always much

more volatile, with a variance always greater than 0.7, whereas for the normal

activity this is restricted to always smaller than 0.08.

A further indication of differences and probably mis-specification of this model, is

the near-random (close to 0.5) p  and q  values for sukqvr16 and counter-intuitive

longer waves than normal activity for sukqn, shown by their respective transition

probabilities. Furthermore, inspection of the ‘smoothed inferences’ – the set of

probabilities that an observation came from a specific regime, shows that in fact this

model does not capture the wave pattern at all for sukqn, sukqnr, and sukqvr, while

for sonsn, the model seems to include an observation from a non-wave (normal)

activity in the first of the three waves captured. Two such cases are seen in figures 2 .

Moreover, where generally all of the parameters are significant, there is evidence of

insignificant means, plus the mean for the wave state for sonsv whose level is

approximately zero. Note that both the outer-product and second-derivative

estimates of the standard errors are being used.17

Overall, the results in table 2 suggest different dynamics for the alternative

aggregate merger series. A common characteristic, however, among all the series is

the significant presence of at least states with a possible presence of two long-run

means. However, as seen below, the presence of Markov Switching ARCH does not

seem to be a characteristic of the data.18  However, in interpreting these findings one

should be cautious; we have already discussed above how in cases where the wave

pattern is not adequately captured, we cannot make valid inferences about the

modes of the two states. Even so, the fact that two states are identified (albeit

inaccurately and without great conviction in some cases) indicates the presence of a

                                                          
16 Mills (1999) observes (p. 163) in his exchange rate MS application: “If the change in the exchange rate is
completely independent of the previous state, then we have a random walk with p = 1 – q.”
17 Hamilton (1996) based on the outer-product estimates of the standard errors, argues that the distribution of the
respective t-statistics is not very symmetric in some of these applications. So, also the 2D estimates are reported.
18 This is tested by the application of  [12] and [13]. Only weak evidence for significance was found. See table 4 for
the rejections of model 2 for each series.
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mixture of distributions that can indeed be described by a suitable two-state

switching level model with different variances and means attached to each state.

Table 3 presents specification tests against higher-order specifications for the

MSM(2)-AR(1) case. For ease of presentation, we follow Hamilton (1994) and define

a latent variable, tz , to describe the states of nature including up to one previous

state. tz  is defined as:

1=tz if  1  ,1 1 == −tt ss ,
2=tz if 1, 2 1 == −tt ss ,
3=tz if  2 , 1 1 == −tt ss ,
4=tz if  2 , 2 1 == −tt ss .

It is clear from the results that overall there is no indication of omitted higher-order

dynamics. There is only evidence of very mild rejections related to sukqn and

sukqnr.

These results, combined with the fact that the wave pattern is not always captured

by this specification, suggest that there is a possible over- parameterisation. That is

in some cases, the MSM(2)-AR(1) specification, used by the existing MS merger

literature, imposes higher form of dynamics than some of our measures of merger

activity warrant.

Table 4 presents a summary of the iterative application of the specification tests.  It

should be noted at the outset that, as Hamilton (1996) explains, these tests are quite

strong in that it is difficult for a correctly specified model to pass. Thus, in table 4, a

5% rejection close to the critical level is not perceived as a strong reason to reject a

model, albeit the alternative specification is rigorously examined.

Starting with the number series from ONS, sonsn, we find that there is only a close

to a 5% level rejection of the non-autoregressive model 2 against an alternative of an

MSI with autoregression across regimes (see also table 6). If stronger, this rejection

would indicate the probable presence of smoother transitions and autoregressive

states in the series. However, application of the alternative with these characteristics

(model 3) brings significantly stronger rejections, but still within the 5% level. Thus,
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tests of the MSM model 1 suggested the absence of higher-order dynamics. One

interesting thing to note, is that the autoregressive coefficients from both these

applications are quite small (0.23 for model 1 and 0.41 for model 3) suggesting the

probable absence of autoregressive dynamics. Furthermore, model 2 is not directly

rejected against model 1, where the violent transitions not captured by the MSI

specification are most likely related to the absence of autoregressive dynamics in the

series. Then these series seem to be best described by an MSM(2)-AR(0).

The wave pattern of the real values counterpart, sonsv, seems to display different

characteristics. Tests of the non-autoregressive model 2, reveal the presence of strong

autoregressive dynamics related to both the two states, independently and across

regimes, with respect to both MSM and MSI specifications. We thus turn to the two

autoregressive models 1 and 3. Here we identify the presence of strong

autoregressive dynamics and violent transitions. The latter is seen in the significance

of the test (close to 1%) for the presence of further MSM dynamics in the MSI

application, [27]. Then in this case the MSM(2)-AR(1) is favoured as the specification

that incorporates all the necessary characteristics of the series.

The ONS relative value series, sonsvr, displays similar dynamics to sonsv. In this

case, however, the rejection of model 2 point towards model 1 only; whereas the

results from the tests for model 3 confirm the presence of MSM dynamics in this MSI

specification. Then, as above, the MSM(2)-AR(1) is favoured.

For the sukqn series, the non-autoregressive model 2 reveals mis-specification in the

presence of remaining autocorrelation. This would suggest the presence of

autoregressive dynamics in the series where generally transitions seem to be smooth,

since the MSM alternative fails to capture the wave pattern of the series (w.n.c.). It is

thus best described by an MSI(2)-AR(1). Further tests show that this cannot be

rejected in favour of the higher MSM specification, displaying only very mild

rejections and close to the 5% critical level (see also table 6). The relative version of

this series, sukqnr, seems to display exactly the same characteristics as its absolute

counterpart and is thus also best described by model 3.
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For sukqv, the non-autoregressive model 2 reveals strong rejections of remaining

autocorrelation for both the MSM and MSI models. Table 4 shows that these are

related to the normal regime but also across the states. This points towards the

presence of autoregressive dynamics but also the probable presence of different

dynamics between the two states. Model 3 displays strong rejections and points

towards the existence of omitted MSM dynamics. Then it can be argued that

transitions in these series are of the MSM form; i.e. more violent than the MSI

specifications can capture. Thus, we assume that for this series the best specification

is an MSM(2)-AR(1), which is able to capture the autoregressive nature and the

relatively violent state transitions.

Choosing among different specifications to describe sukqvr is more straightforward.

The wave pattern of the relative values of the quoted series are captured by MSM(2)-

AR(0), model 2; further specification tests were not useful.

For the US series, suscon, the non-autoregressive model 2 is mis-specified with

evidence of autocorrelation. Application of the across-the-states autoregressive

models 1 and 3 suggest both to be possible specifications. However, the wave

pattern seems to be better described by model 1, whereas for the MSI alternative we

see inclusion of possible normal activity periods in the wave states, although this not

clear enough to determine a w.n.c. case. Moreover, model 1 has a higher likelihood

value, so like Linn and Zhu (1997), we assume that the US concatenated series

follows an MSM(2)-AR(1) specification while its MSI counterpart (model 3) cannot

be convincingly rejected.

Table 5 shows the parameters, the maximised likelihood functions and wave periods

for the best model for each series. The level and standard errors of the alpha

parameters for the MSI models have been transformed into their mean
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counterparts19 so that we can see more clearly the similarities and differences

between the series.

Compared to table 2, one sees how the significance of the mean of the wave state for

the four series (not adequately captured by the MSM(2)-AR(1)) has increased.

Overall, all series display two distinct and significant levels and variances. The

results, however, differ markedly between the series. Furthermore, none of the

transition probabilities display near-random results as for the sukqvr application of

the MSM(2)-AR(1) in table 2. Figures 4 to 11 show that the wave pattern of each of

the series is described very well by its respective best model. This supports the

choice of different autoregressive specifications within the MS framework.

Table 6 presents the specification tests. It is clear that , in neither application is there

evident mis-specification of the higher-order dynamics.

We now turn to the identification of the dynamics of the different measures of

aggregate merger activity. Where we have the data, we distinguish between the total

number of mergers and their total value in real terms.

Values

Nearly all of our value series seem to be best described by a MSM(2)-AR(1) model

with violent yet autoregressive transition between waves and normal activity. By

contrast, the value ratio series, sukqvr, display a more violent (non-autoregressive)

transition between states with no persistence within each state. This is best described

by a MSM(2)-AR(0)20.

To demonstrate this, note the differences in the autoregressive processes for the two

ONS value series. The relative series, sonsvr, which suffer from this to a lesser

                                                          
19 This is done by including the reported levels and their standard errors, (α̂ , aσ̂ ), in the RHS of )1( φ−α=µ  for

each estimate, (µ̂ , µσ̂ ). This is possible since the two variables in question are independently distributed within each

state.
20 One reason for the greater apparent persistence is the effects of splicing and different cut-off points.
Platis, Higson and Holly (2001) have drawn attention to the effect that the construction of long time
series from a series of shorter ones can have on tests for unit roots.
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degree, has a significantly lower coefficient. Unfortunately, however, the coverage is

still a problem. All of these factors would favour model 1 in such cases, rather than

(a probably more appropriate) MSM(2)-AR(0), as is the case with the bias-free

sukqvr. This confirm our earlier assertion in that they show the effect biases in

merger series have on attempts to identify the characteristics of the merger process.

Moreover, we see that the model proposed by Linn and Zhu (1997) more likely

displays the effects of biases rather than the characteristics of the underlying

measure of merger activity.

Numbers

With respect to the numbers, the results point to the possible absence of

autoregressive dynamics in sonsn, violent or smooth autoregressive transition

between the (autoregressive) states in suscon and the smoother, autoregressive

transition between the autoregressive states in sukqn.

One may not expect these series to display such different characteristics. They do,

however, involve different levels of aggregation (quoted or all companies), different

yet overlapping time-periods and different geographical locations (UK and USA). It

is possible then that a combination of these factors causes the presence of different

characteristics between the series.

Another possibility, however, is the presence of biases in the two economy-wide

series. These may present us with an identification problem with respect to the true

underlying processes. Consider again the ONS number series. Platis (2000, Chapter

2) shows how this series deviate from the quoted series after 1986. A closer

inspection of the relevant charts also reveals that even though before the 1987 break

the quoted number series and the ONS ones have very similar patterns, the latter

displays a more sustainable wave and a more violent out-of-wave transition after the

break. This would favour model 2. With respect to the US series, the opposite may

appear to be the case. The underlying trend may have caused the series to display a

smoother pattern than it would have been in its absence, favouring model 1 (as

discussed above for the three value series).
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For these reasons we assume that the annual numbers of takeovers follow the

characteristics of sukqn as captured by model 3. This is also confirmed by the fact

that the same characteristics seem to also describe the number ratio series, sukqnr.

5.2   Merger Waves and MS Applications

Another important characteristic is the presence of distinct periods of an upsurge of

merger activity (merger waves). An appropriate indicator for these is the ‘smoothed

inferences’. These are calculated as part of the estimation algorithm and indicate the

probability that the process is in one of the two regimes at date t.

Figures 4.3 to 4.10 present these state probabilities for all the series. We can see how

well the wave pattern is identified through the testing procedure in sub-section 4.2.

On the other hand, figures 2 and 3 demonstrate that the sole use of a MSM(2)-AR(1)

representation, fails in some cases to capture the waves adequately.

These charts and the generally well-specified two-state MS models, clearly indicate

the presence of merger waves in all series used, regardless of any problems these

series may display. This supports our claim of a mixture of two distributions (or

bimodal) nature of aggregate merger activity, and specifically the use of the MS

framework to uncover the underlying dynamic behaviour of merger waves.

Finally, these smoothed probabilities can be used to formally date merger waves. As

in Hamilton (1989), a probability of greater than 0.5 would indicate the most

probable presence of a wave In this manner we tabulate in the last row of table 5, the

specific wave dates for all the different series used.

6   Conclusion

This paper attempts to uncover the time series dynamics of aggregate merger

activity. As in previous studies, a Markov switching framework (Hamilton, 1989)

was used (Town, 1992; Linn and Zhu, 1997); but unlike previous attempts, different

specifications were examined and evaluated. This was made possible by the

application of a series of specification tests, combined with an analysis of biases
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present in existing merger series, as well as the use of a newly constructed UK

merger series.

The results clearly demonstrate that while the use of the MS framework is

appropriate, the use of only one MS specification may be misleading. The MSM(2)-

AR(p ) model used by two previous MS merger studies, seems to be an over-

parameterisation of half of the series examined. These series, however, seem to be

adequately described by one of the two alternative specifications used in this paper,

where the combination of all three alternative specifications provides an adequate

description of all the series under examination.

The latter also confirms the second characteristic of the process identified by the

literature, the presence of waves. Furthermore, the formal identification of merger

wave dates, provides very strong evidence for the wave pattern in all aggregate

merger series.

We also highlighted the difference between the value and number measures of

activity, so far largely ignored by the literature. Aggregate numbers of takeovers

seem to display smooth transitions and relatively persistent levels, where values

seem to be subject to violent transitions and volatile levels.
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Table 1: Summary Statistics for the Merger Series.

onsn onsv onsvr ukqn ukqnr   ukqv ukqvr uscon

 Mean 699.35 54.41 2.01 85.37 5.23 21547.23 2.00 517.21

 Median 534.00 38.70 1.58 80.00 4.61 15427.11 1.65 404.00

 Maximum 1528.00 158.62 5.28 171.00 11.93 75043.91 6.46 2407.00

 Minimum 315.00 5.79 0.28 33.00 1.43 4713.90 0.41 26.00

 Std. Dev. 341.70 47.69 1.54 35.82 2.60 17428.39 1.32 448.12

 Skewness 1.25 1.00 0.77 0.65 0.88 1.46 1.40 1.58

 Kurtosis 3.39 2.58 2.21 2.61 3.15 4.41 4.68 6.82

 Jarque-Bera 7.76 5.02 3.65 3.54 5.82 19.64 19.81 101.44

 (p-value) (0.02) (0.08) (0.16) (0.17) (0.06) (0.00) (0.00) (0.00)

 Observations 29 29 29 46 45 45 45 99
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Table 2: Estimated Parameter Vectors and Standard Errors for the MSM(2)-AR(1)  specification.

Parameters sonsn sonsv sonsvr sukqn sukqnr sukqv Sukqvr suscon

1
µ 0.5948 -0.0952 1.2203 0.3143 0.4199 1.0758 0.2535 1.1553

OP
(s.e) (0.6431) (0.3121) (0.2625) (0.3093) (0.3181) (0.3479) (0.3941) (0.8700)

2D
(s.e) (0.4334) (0.2467) (0.2090) (0.3318) (0.3075) (0.2824) (0.3487) (1.4209)

2
µ -0.5471 -0.6384 -0.6049 -0.2412 -0.3439 -0.4958 -0.4936 0.6404

OP
(s.e) (0.1195) (0.1982) (0.1673) (0.1942) (0.2039) (0.1372) (0.1173) (0.8106)

2D
(s.e) (0.0877) (0.2027) (0.1387) (0.2519) (0.1996) (0.1025) (0.1177) (1.4422)

φ 0.4122 0.8468 0.5830 0.6684 0.7476 0.5692 0.3901 0.9502

OP
(s.e) (0.1120) (0.0993) (0.1855) (0.0806) (0.0698) (0.1366) (0.1166) (0.0369)

2D
(s.e) (0.1512) (0.1120) (0.1387) (0.0786) (0.0816) (0.1445) (0.0571) (0.0548)

2

1
σ 0.9480 0.8290 0.1422 0.7475 0.7456 0.8065 1.0903 0.8696

OP
(s.e) (0.6799) (0.3195) (0.1397) (0.2490) (0.2741) (0.6850) (0.4796) (0.2522)

2D
(s.e) (0.4495) (0.3216) (0.0746) (0.2429) (0.2792) (0.3088) (0.3578) (0.3131)

2

2
σ 0.0427 0.0097 0.0748 0.0371 0.0432 0.0525 0.0486 0.0520

OP
(s.e) (0.0236) (0.0061) (0.0324) (0.0267) (0.0186) (0.0218) (0.0294) (0.0107)

2D
(s.e) (0.0174) (0.0038) (0.0238) (0.0344) (0.0205) (0.0142) (0.0352) (0.0143)

p 0.8392 0.8235 0.6863 0.6727 0.6707 0.8147 0.4877 0.8200

OP
(s.e) (0.2616) (0.1881) (0.1947) (0.1877) (0.2116) (0.1346) (0.1877) (0.1351)

2D
(s.e) (0.1217) (0.1079) (0.1673) (0.1601) (0.1578) (0.1244) (0.1698) (0.1126)

q 0.9052 0.8320 (0.8693 0.6160 0.8029 0.9009 0.4797 0.9355

OP
(s.e) (0.0924) (0.0962) (0.0733) (0.1655) (0.0875) (0.0586) (0.2173) (0.0376)

2D
(s.e) (0.0679) (0.0945) (0.0719) (0.1586) (0.0854) (0.0593) (0.3693) (0.0350)

Log-
Likelihood

7.2363 8.5279 6.6005 0.0548 7.0589 7.2980 -5.6558 42.6523

Initial
Values

(1, -1, 1, 1,
1, 1, 1)

(1, -1, 0.5,
1, 1, 1, 1)

(1, -1, 1, 2,
2, 1, 2)

(2, -1, 0.8,
1, 1, 1, 1)

(1,-0.5,0.5,
1, 1, 1, 1)

(1,-0.5,0.5,
1, 1, 1, 1)

(1, -1, 0.5,
1, 1, 1, 1)

(2, -1, 1, 2,
2, 1, 1)

Notes: (a) Standard errors are in parentheses. The first of these uses the outer product estimate of the
information matrix; while the second uses the second-derivative estimate.

(b) The Log-Likelihood represents the maximum log-likelihood function for all observed data
with respect to the maximised parameters in the table.

(c) The initial values represent the original parameter values for the iteration to reach MLE of
the parameter vector, as these are parameterised in the program MAXSEEK by Hamilton.   
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Table 3: Specification Tests for the MSM(2)-AR(1) specification.

Test sonsn sonsv sonsvr sukqn Sukqnr sukqv Sukqvr suscon
White, Auto.
(means) 1.2149 0.5281 1.3114 2.8240* 0.6151 1.9858 1.0097 0.8245
White,
ARCH
(variances)

1.7120 1.4513 1.6030 1.2633 1.4115 0.9237 1.8087 0.2607

White,
Markov
Switching

2.6603 1.2441 2.8078 0.6407 0.1531 1.6112 1.3809 1.7775

LM,
Autocorr.
in 1=

t
z

0.8646 0.5181 0.9386 2.8735 1.4737 0.2404 0.8930 0.0896

LM,
Autocorr.
in 2=

t
z

0.8201 0.5441 4.1677 0.2200 2.7885 0.0910 1.1016 1.0217

LM,
Autocorr.
in 3=

t
z

1.0732 0.6930 0.2281 1.1139 7.7455** 0.0004 0.5362 0.7408

LM,
Autocorr.
in 4=

t
z

0.9775 0.2592 0.0101 0.0154 0.2490 0.1686 0.0088 0.3068

LM,
Autocorr.
in 1=

t
s

0.8452 0.3159 0.6605 2.9988 0.8840 0.2362 1.1709 0.0523

LM,
Autocorr.
in 2=

t
s

0.0906 1.0736 0.5579 0.1912 3.0371 0.4436 1.2904 1.2020

LM,
Autocorr.
across
regimes

0.0513 0.5022 0.0996 0.0045 2.8170 0.0704 0.0345 0.7246

LM, ARCH
in 1=

t
s 2.6038 0.9167 0.0222 1.6098 3.3586 0.8676 2.3840 0.0577

LM, ARCH
in 2=

t
s 0.0402 0.4716 2.9031 0.8834 2.9072 0.1682 3.3477 0.2138

LM, ARCH
across
regimes

1.5954 1.2693 2.6378 1.8801 5.1422* 0.3953 0.1046 0.2836

Notes: (a) ‘White’ refers to the White tests for ARCH, and ‘LM’ to the Langrange Multiplier tests for
?????in [22]-[26]. The test statistics are given by [15] and [20] respectively.

(b) The model under the null is MSM(2)-AR(1), where the critical levels that include the small
sample correction are given by )7 ,4( −TF  and )7 ,1( −TF  for the White and LM tests
respectively, where T is the number of observations.

*    reflects rejection of the null model with respect to that alternative at 5%.
     **  reflects rejection of the null model with respect to that alternative at 1%.
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Table 4: Summary Results from the Testing Procedure for Each Merger Series (standardised).

models sonsn sonsv Sonsvr sukqn sukqnr sukqv sukqvr suscon

Model
1

Not Reject Not Reject Not Reject w.n.c. w.n.c. Not Reject w.n.c. Not Reject

Model
2

Not Reject Reject Reject Reject Reject Reject Not Reject Reject

-LM, auto
(I) across*

-
LM,auto(M)

in 4=
t

z **

-
LM,auto(M)

in 2=
t

s **

-
LM,auto(M)
across**
-LM,auto(I)

in 2=
t

s **

-LM, auto
(I) across*

-White,
 MS (M)**
-LM, auto
(M) in

3=
t

z *

-White,
 MS (M)*
-(8 reject-
ions for
remaining
autocorrel.
w.r.t. both
MSM and
MSI
alternatives
)

-White,
 MS (M)**
-(10 reject-
ions for
remaining
autocorrel.
w.r.t. both
MSM and
MSI
alternatives
)

-White,
means*
-LM, auto
(M) in

2=
t

s **

-LM, auto (I)

in 2=
t

s *

-LM, auto
(M)across**

-LM, auto (I)
across**

-White,
 MS (M)**
-(12 reject-
ions for
remaining
autocorrel.
w.r.t. both
MSM and
MSI
alternatives
)

Model
3

Reject Reject Reject Not Reject Not Reject Reject w.n.c. Not Reject

-LM, auto
(M)  in

2=
t

s *

-LM, auto
(M) across*

-MSM, in

3=
t

z *

-MSM, in

2=
t

z *

-LM, auto
(M) across*
-LM,auto(I)

in 2=
t

s *

-LM, auto
(I) across*

-MSM, in

3=
t

z *

-White,
 MS (I)*

-White,
arch*
-LM, auto
(M) in

1=
t

s *

-White,
 alpha*
-White,
arch*
-LM, auto
(M) in

2=
t

s **

-LM, auto
(M)across**

-MSM, in

2=
t

z **

Notes: (a) models 1,2 and 3 are described in the text, in [10], [11], and [12], respectively.
 (b) This table summarises the main reasons for rejecting a specific model for a series. If a test is

not included, this implies non-rejection, unless the model does not capture the wave pattern
of the series as explained in the text. ‘LM’ refers to the Langrange Multiplier tests and
‘White’ to the White tests. These are explained in the sub-section 4.4.2.

 (c) In the tests for remaining autocorrelation, ‘auto’, (M) reflects the MSM tests in [23] and [24],
and ‘auto’, (I) to the MSI tests in [28], [29]. Note that the tests in [22] is only useful under an
MSM null and are not applied to model 3.

 (d) ‘MSM’ refers to the test for omitted same order MSM dynamics in MSI specifications in [27].
 (e) ‘White, MS (M)’ refers to the White test for Markov Switching assumptions in [19], for an

MSM specification, where ‘White, MS (I)’ refers to the equivalent for MSI models (see text).
 (f) ‘White, means’ refers to the test in [17], for the MSM specifications where the MS is in the

means; and ‘White, alphas’ to the equivalent for MSI models where the MS is in the
intercept.

 (g) ‘w.n.c.’ reflects the fact that the model in question fails to capture the wave pattern of the
series fully with respect to its smoothed inferences, as this is described in the text.

*    reflects rejection of the null model with respect to that alternative at 5%.
**  reflects rejection of the null model with respect to that alternative at 1%.
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Table 5: Estimated Parameter Vectors and Standard Errors from the Best
Model of Each Merger Series (standardised).

Parameter
s

sonsn sonsv sonsvr sukqn sukqnr sukqv sukqvr suscon

Model MS(2)-
AR(0)

MSM(2)-
AR(1)

MSM(2)-
AR(1)

MSI(2)-
AR(1)

MSI(2)-
AR(1)

MSM(2)-
AR(1)

MS(2)-
AR(0)

MSM(2)-
AR(1)

1
µ 1.1260 -0.0952 1.2203 1.6741 2.0725 1.0758 1.0136 1.1554

OP
(s.e) (0.3294) (0.3121) (0.2625) (1.4466) (2.4099) (0.3479) (0.5924) (0.8700)

2D
(s.e) (0.2752) (0.2467) (0.2090) (0.6131) (0.8051) (0.2824) (0.3321) (1.4209)

2
µ -0.6056 -0.6384 -0.6049 -0.7257 -0.5842 -0.4958 -0.5326 0.6404

OP
(s.e) (0.0572) (0.1982) (0.1673) (0.0410) (0.0966) (0.1372) (0.0793) (0.8106)

2D
(s.e) (0.0533) (0.2027) (0.1387) (0.1319) (0.1188) (0.1025) (0.0812) (1.4422)

φ N/A 0.8468 0.5830 0.5650 0.5826 0.5692 N/A 0.9502

OP
(s.e) N/A (0.0993) (0.1855) (0.1016) (0.0731) (0.1366) N/A (0.0367)

2D
(s.e) N/A (0.1120) (0.1387) (0.0822) (0.0572) (0.1445) N/A (0.0548)

2

1
σ 0.7132 0.8290 0.1422 0.5612 0.6004 0.8065 0.9916 0.8696

OP
(s.e) (0.7138) (0.3195) (0.1397) (0.4358) (0.6354) (0.6850) (0.6799) (0.2522)

2D
(s.e) (0.3310) (0.3216) (0.0746) (0.2359) (0.2888) (0.3088) (0.3902) (0.3131)

2

2
σ 0.0526 0.0097 0.0748 0.1116 0.0786 0.0525 0.1471 0.0520

OP
(s.e) (0.0163) (0.0061) (0.0324) (0.0405) (0.0264) (0.0218) (0.0531) (0.0107)

2D
(s.e) (0.0176) (0.0038) (0.0238) (0.0396) (0.0291) (0.0142) (0.0438) (0.0144)

p 0.8514 0.8235 0.6863 0.6540 0.6069 0.8147 0.7286 0.8200

OP
(s.e) (0.1196) (0.1881) (0.1947) (0.2993) (0.3935) (0.1346) (0.1840) (0.1351)

2D
(s.e) (0.1103) (0.1079) (0.1673) (0.1645) (0.2012) (0.1244) (0.1385) (0.1126)

q 0.9100 0.8320 (0.8693 0.8148 0.8636 0.9009 0.8513 0.9356

OP
(s.e) (0.0824) (0.0962) (0.0733) (0.1070) (0.0914) (0.0586) (0.0844) (0.0376)

2D
(s.e) (0.0643) (0.0945) (0.0719) (0.0969) (0.0832) (0.0593) (0.0745) (0.0350)

Likelihoo
d

5.4850 8.5279 6.6005 1.2378 10.0013 7.2981 -7.9867 42.6524

Initial
Values

(1, -1, 1, 1,
1, 1)

(1, -1, 0.5, 1,
1, 1, 1)

(1, -1, 1, 2,
2, 1, 2)

(1, -1, 0.9, 1,
1, 1, 1)

(1, -1, 0.9, 1,
1, 1, 1)

(1,-0.5,0.5,
1, 1, 1, 1)

(1, -1, 1, 1,
1, 1)

(2, -1, 1, 2,
2, 1, 1)

Waves
(years)

1969-1973
1986-1990

1972-1973
1984-1991
1995-1996

1972
1986-1989
1995-1997

1959-1960
1967-1972
1977
1986
1997-1998

1967-1972
1976-1977
1984
1986
1997

1967-1972
1986-1991
1995-1997

1960-1961
1967-1972
1986-1988
1995-1997

1899-1902
1926-1931
1867-1970
1985-1993

Notes: (a) The initial values represent the original parameter values for the iteration to reach MLE of the parameter vector, as
these are parameterised in the program MAXSEEK by Hamilton and the different versions of it constructed for the
purpose of this chapter. The rest are described in table 2 and in the text.

(b) The level and standard errors of the alpha parameters for the MSI models, as given by the programs, have been
transformed into their mean counterparts, as explained in the text. See footnote 49.
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Table 6: Specification Tests for the Best Model of Each Merger Series (standardised).

Test sonsn sonsv Sonsvr sukqn sukqnr sukqv sukqvr suscon
White,
Autocorr. 2.6944 0.5281 1.3114 1.8801 1.2343 1.9858 1.1129 0.8245
White,
ARCH 0.9304 1.4513 1.6030 1.0244 3.1893* 0.9237 1.0341 0.2607
White, Markov
Switching 1.4925 1.2441 2.8078 2.8380* 1.1918 1.6112 1.5918 1.7775
LM, Autocorr.

in 1=
t

z 0.6164 0.5181 0.9386 N/A N/A 0.2404 0.2813 0.0896

LM, Autocorr.

in 2=
t

z 0.4497 0.5441 4.1677 N/A N/A 0.0910 0.2170 1.0217

LM, Autocorr.

in 3=
t

z 0.9087 0.6930 0.2281 N/A N/A 0.0004 3.0312 0.7408

LM, Autocorr.

in 4=
t

z 1.4973 0.2592 0.0101 N/A N/A 0.1686 1.0275 0.3068

LM, Autocorr.

(M) in 1=
t

s 0.6312 0.3159 0.6605 1.7519 5.2200* 0.2362 0.8051 0.0523

LM, Autocorr.

(M) in 2=
t

s 1.9281 1.0736 0.5579 2.3608 2.0113 0.4436 0.6153 1.2020

LM, Autoc.
(M) across
regimes

2.5425 0.5022 0.0996 1.2568 0.7681 0.0704 1.0625 0.7246

LM, Autocorr.

(I) in 1=
t

s 1.6144 N/A N/A 0.6260 1.4989 N/A 0.4232 N/A

LM, Autocorr.

(I) in 2=
t

s 2.8721 N/A N/A 1.1713 0.7770 N/A 1.4481 N/A

LM, Autoc. (I)
across regimes 4.3609* N/A N/A 0.6072 0.3892 N/A 1.8752 N/A
MSM dynam-

ics in 2=
t

z N/A N/A N/A 0.1000 0.3696 N/A N/A N/A

MSM dynam-

ics in 3=
t

z N/A N/A N/A 0.0224 1.7797 N/A N/A N/A

LM, ARCH

in 1=
t

s 1.6312 0.9167 0.0222 0.4170 2.6666 0.8676 0.1976 0.0577

LM, ARCH

in 2=
t

s 0.0079 0.4716 2.9031 2.5500 3.5120 0.1682 0.9193 0.2138

LM, ARCH
across regimes 0.0159 1.2693 2.6378 2.2397 2.6437 0.3953 0.2983 0.2836

Notes: (a) This table presents the tests described in sub-section 4.2 for the best model for each of the
series. The test statistics are given by [15] and [20] respectively, including the small sample
correction as defined in sub-section 4.2.

(b) The model under the null is the best model for each series seen in table 5.

*    reflects rejection of the null model with respect to that alternative at 5%.
**  reflects rejection of the null model with respect to that alternative at 1%.
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Figure 2: Smoothed Probabilities for sukqn              Figure 3: Smoothed Probabilities for

sukqvr

  to be in the Wave State  [MSM(2)-AR(1)].    to be in the Wave State [MSM(2)-AR(1)].
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Figure 4: Smoothed Probabilities for sukqn    Figure 5: Smoothed Probabilities for
sukqnr
  to be in the Wave State  [MSI(2)-AR(1)].     to be in the Wave state [MSI(2)-

AR(1)].
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Figure 6: Smoothed Probabilities for sukqv              Figure 7: Smoothed Probabilities for
sukqvr

  to be in the Wave State  [MSM(2)-AR(1)].    to be in the Wave State [MSM(2)-AR(0)].
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Figure 8: Smoothed Probabilities for sonsv          Figure 9: Smoothed Probabilities for sonsn
  to be in the Wave State  [MSM(2)-AR(1)].     to be in the Wave State [MSM(2)-AR(0)].
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Figure 10: Smoothed Probabilities for sonsvr          Figure 11: Smoothed Probabilities for
suscon

  to be in the Wave State  [MSM(2)-AR(1)].     to be in the Wave State [MSM(2)-AR(1)].
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Notes: (a) In all figures above, the dotted lines represent the underlying series. The continuous line
represents the smoothed inferences that each observation came from the wave state , as these
are explained in the text. The former have been re-scaled in the (0, 1) space.

(b) Figures 2 and 3 show cases of mis-specified MSM(2)-AR(1) applications; figures 4 – 11 are
the smoothed probabilities for the BEST models for each of the series among the three
alternatives in the text. The respective specifications are given in the square brackets.
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APPENDIX A  THE BASIS FOR SPECIFICATION TESTING.

Hamilton (1996) shows that if the model is correctly specified, the vector

«

«X
«h

∂
∂

≡
);|(log

) ( tt
t

yp
 should be serially uncorrelated when evaluated at the true

value of « , 0« . Then, for a first-order serial correlation21, if we define the scalar

) ( 0 , «tijc  to be the product of the ith element of ) ( 0«h t with the jth element of ) ( 01 «h −t ,

then,

0)] (E[ 0 , =«tijc . [14]

Based on the above, Hamilton (1996) proposes the application of the tests in White

(1987). Collect the l such ) ( , «tijc  elements that are of most interest into a )1( ×l vector

) («ct . Then, if the model is correctly specified at the MLE estimate of « , «̂ ,

)()ˆ (.ˆ.)ˆ ( 2
d

1

2/122

1

2/1 lTT
T

t
t

T

t
t χ→





′





 ∑∑

=

−

=

−
«cA«c ; [15]

where 22Â  denotes the )2 ,2(  sub-block of the inverse of the following partitioned

matrix:
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 . 1ˆ
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«h«c

«h«h

A . [16]

In the MSM(2)-AR(1) case, following Hamilton (1996), we can identify three

component sets of elements for )ˆ («ct .

test for autocorrelation:

                                                          
21 As the proofs in appendix 4.A show, it is easy to generalise to include higher-order dynamics. For our purposes,
however, the results suggest that we need not examine specifications of higher than a first-order autocorrelation in the
dependent variable.
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i

tt

j

tt ypyp

µµ ∂
∂

∂
∂ −− )ˆ;|(log

 . 
)ˆ;|(log 11 «X«X

, for 2 ,1 , =ji [17]

which implies 4 elements for )ˆ («ct ;

test for ARCH effects:

2
11

2

)ˆ;|(log
 . 

)ˆ;|(log

i

tt

j

tt ypyp

σσ ∂
∂

∂
∂ −− «X«X

, for 2 ,1 , =ji , [18]

which implies 4 elements for )ˆ («ct ;

a test for the valid ity o f Markov-switching assumption:

i

tt

ii

tt yp

p

yp

µ∂
∂

∂
∂ −− )ˆ;|(log

 . 
)ˆ;|(log 11 «X«X

, for 2 ,1=i , and, [19a]

ii

tt

ii

tt

p

yp

p

yp

∂
∂

∂
∂ −− )ˆ;|(log

 . 
)ˆ;|(log 11 «X«X

, for 2 ,1=i , [19b]

which implies 4 elements for )ˆ («ct .

test for the valid ity o f several alternative (higher) specifications

All of the elements of the tests described above form part of the score vector, ) («h t ,

at  «« ˆ= .  Hamilton makes a further use of these scores in constructing the

Langrange Multiplier tests (LM) to test for the validity of several alternative (higher)

specifications.  Let )
~

(« h t  denote a restricted )1~( ×m  score vector. The first

mmm =− )~( 0  elements of which are those calculated in «̂ , and the last m 0 elements

are those we wish to test under the null, 0m0 =:H0 ; where 0m  denotes the vector of

m 0 elements. Then, at the constrained MLE form of «~ , the first )~( 0mm−  elements of

the average score ∑ =

T

t tT
1

)
~
 ()/1( «h  would equal ∑ =

T

t tT
1

)ˆ ()/1( «h  whose elements are

equal to zero, by the first-order conditions for constrained maximisation of the

likelihood function. The remaining m 0 elements’ deviation from zero would then
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reflect how much greater the likelihood function would become if the restrictions

under the null were relaxed, and thus to which degree the original model is mis-

specified with respect to that specific alternative. Asymptotically, the test is defined

as:

[ ] [ ] )(
~
 ( .

~
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=

−
«h«h«h«h . [20]

In order for one to apply this test, one has to also evaluate the extra elements in

)
~

(« h t , in addition to )ˆ («h t .   It follows that the LM tests in Hamilton (1996) are

all tests for higher order specifications in the conditional densities. Thus, «~ as the

restricted parameter vector includes m 0 extra elements that are each set to zero.

Let *
«  denote the unrestricted parameter vector under the alternative

specification, where these m 0 extra elements are non-zero. Platis (2000) p.146

shows that the general score with respect to any ¨ which allows for higher order

of lagged dependence on the state variable ( 2r ), can be expressed as a function of

the same p  as for its lower-order 2r  null specification. Then as p  remains the

same, the extra parameters in *
«  with respect to the original «̂  will be the same

as those in an unrestricted *
¨  with respect to ¨̂ . Then, since the extra parameters

of the restricted  ¨~ , with respect to ¨̂ , are all set to zero under the null (restricted

parameter vector), the calculation of the following expression is possible:

0m
m

X

=
∂

∂

0
0

);|(log
~λttyp

, [21]

where ) ,ˆ (
~

0m«« ′′=′ .

As Hamilton (1996) explains, to implement this type of test, we only need to

estimate the model under our original specification and calculate )ˆ («h t  using «̂

to form the smoothed probabilities. We then stack this )ˆ («h t  vector on top of the

function of smoothed probabilities in [21] and plug the resulting )
~

(« h t  vector
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into [20]. 22  Note that in order to test separately each of the alternatives in m 0,

we construct m 0 different such )1(2χ  tests; in each case «~  will include « , plus

one  of the elements of m 0.

                                                          
22 Hamilton (1996), pp.142-144.
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