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Abstract

We use a large panel of firm data on capacity utilisation for describing the

economy as a combination of nine possible states. Two of these nine states are

associated with firms being subject to a positive or a negative shock. Feed-

ing these shocks into a Markov-chain approximation of the economy’s shock

absorption process, we find that negative shocks have a longer lasting impact

than positive shocks. A novel feature of our approach is the a-priori identi-

fication of shocks. Our estimates of shock duration may bear implication for

monetary policy makers since incomplete quantity adjustment carry the risk

of inflation acceleration.

JEL classification: E32, C40, C50

Keywords: shock identification, Markov-chain, microfoundation, quantity ad-

justment



1 Introduction

Economic theory is very often based on concepts of equilibrium. One of the

challenges, however, is to define and empirically determine the equilibrium

state of an economy. The definition of the equilibrium is nevertheless a pre-

condition for assessing the effects of being off the equilibrium. It is likewise

interesting to empirically describe the adjustment process back to normal.

For once, adjustment can be made through several channels. While classical

economics focussed on real adjustment where agents change quantities (im-

mediately) given prices, modern economics acknowledge that there are many

more factors to be considered. Among them there are time for adjustment,

costs of adjustment, price adjustment instead of quantity adjustment and their

interplay. Therefore, economists such as Mankiw (1985) and Clarida, Galí

and Gertler (1999), for example, have suggested to augment economic models

by considering imperfections such as costly and time consuming adjustments.

Another aspect is inflationary pressure if, for example, quantity adjustment is

delayed potentially providing firms with temporary price setting power. Fur-

ther, less flexible firms are more likely to need more time for adjusting which

could in turn be an indication of reduced competetivness in comparison to

other industries or economies.

Taken together, there is ample need for identifying the state of an economy

and its response to shocks.

Having said so, the question arises how to differentiate between shocks

and equilibrium. The literature knows two basic ways for doing so. The first

is based on theoretical models where decisions such as the choice of optimal

inputs in terms of quantity and prices can be modelled as equilibrium choices.

This literatur imposes the model structure on the data and shocks result as

residual, unexplained data variance. As an example one may consider estimates
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of functions such as Cobb-Douglas production function or Friedman’s (1993)

popular “Plucking Model” variant.

The second branch uses technical filters for deriving equilibrium measures.

For example, the Hodrick-Prescott filter (Hodrick and Prescott, 1997) assumes

a certain stochastic data generating process for the data under consideration.

This process does not need to be derived from economics but allows to de-

compose a time series in components such as trend, season, and noise. The

trend component may henceforth be used as a numerical expression for equi-

librium output, for example. Here again, shocks (the noise) obtain as residual

values given model and data. Further, rather technical approaches are due to

Hamilton (1989), or Beveridge and Nelson (1981).

Of course, the distinction between technical and economic filters is not that

clear-cut since many technical filters can be given an economic underpinng as

Kim and Nelson (1999) have nicely illustrated. Similarly, Hamilton’s (1989)

approach has also been motivated by the economists’ arguments for states

of booms and recessions economies may find themselves in. In short, both

these approaches have their merits and generated a large body of papers which

provided valuable insight in economic dynamics.

With this work we want to contribute to this literature by suggesting yet an-

other way of estimating shocks and the process by which the economy responds

to them. Our approach rests on three pillars. The first is the consideration of

individual, firm level data. While it is straightforward to imagine an economy

in which adjustment takes time (Calvo, 1983), it is far less easy to confirm

this claim empirically. For example, researchers have become aware of the

fact that the standard approach of learning from aggregate data readily leads

to severe underestimation of the time needed for adjustment (Caballero and

Engel, 2003) on the micro level. Hence, the request to focus on firm behaviour
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in the first place (Clower, 1998) before drawing conclusions for the whole of

the economy finds more and more support.

The second pillar is the semantic approach to identifying shocks. It builds

on the comparison of (implied) intentions of firms to their actual behaviour.

This comparison allows us to identify situations where firms are subject to

economic shocks. These shocks can be numerically measured and be given a

meaningful interpretation. This method of shock identification is largely model

free and only relies on broad economic reasoning which we consider an advan-

tage. To our best knowledge the only example where a similar approach has

been used is Bouissou, Laffont and Vuong (1986) who look at errors commit-

ted by firms who formulate expectation about the demand for their products.

Owed to the analysis of semantic information we use the term semantic iden-

tification approach.

Thirdly, given the identification of shocks and the characterisation of the

economy we approximate the shock absorption process of the economy by a

Markov-chain of dimension nine. At this stage, we re-introduce a more formal

model. Nevertheless, the previously defined shocks are fed into the model,

they do not result as residuals to otherwise unexplicable data properties.

Among the publications that come closest to our work there is at least

one that actually investigated individual firm’s reaction to shocks to labour

demand: Hamermesh (1989). He points to the fact that at the firm level the

decision to augment the labour force is a discrete decision while in macroeco-

nomic models the augmentation process appears to be continuous.

Subsequent research (Khan and Thomas, 2003; King and Thomas, 2006,

for example) has consequently tried to recover the determinants of the discrete

choice, mainly by explaining the decision process as an evaluation of costs and

benefits of adjustment.
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Regarding the different components of adjustment an individual firm has

to face, there has been fundamental research on most of them, even on micro

level. Caballero, Engel and Haltiwanger (1997) analyze employment adjust-

ments by measuring the discrepancy between desired and actual employment

of U.S. manufacturing establishments. The adjustment pattern of capital and

investment on firm level is analyzed by Doms and Dunne (1998). Black and

Gallagher (1999) have shown by means of a survey that Australian manu-

facturing firms respond to demand shocks by varying the use of capacities.

Analyses of price changes as an option for the adaptation to shocks can be

found in Nakamura and Steinsson (2007) and Rupprecht (2007). The latter

finds a robust relationship between price increases and capacity constraints at

micro level and concludes that firms use increases in capacity utilization as an

alternative to raising prices.

Surprisingly, analyses of quantity adjustments in business cycle, unlike price

adjustments, lack such a broad empirical micro-foundation. First results of

quantity adjustments based on survey data stem from Bhaskar, Machin and

Reid (1993). In their evaluation of a questionnaire from a sample of firms in

the UK, they find that quantity adjustments are much more important than

price adjustments when firms are faced with demand shocks. Another study

by Copeland and Hall (2006) focuses on micro data of carmakers in the US to

analyse the impulse response functions of a demand shock. They find that, for

adequately large shocks, the cumulative production response is significantly

larger than the cumulative price response. Hence, there is a lack of micro-

founded analyses of quantity adjustments to shocks on a broader and more

general data base.

In this paper we aim at filling this gap. The backbone of the analysis is a

new panel data set that combines both qualitative and quantitative information
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on a firm level basis. Our data set comprises several hundred firms observed

quarterly which provides us with a rich information set on how firms behave.

The aim of this study is first to reliably distinguish between states on and off

equilibrium and hence identification of shocks. Secondly, we intend to describe

a typical reaction pattern following a shock. It is thus meant to equip theorists

with a good guess of how to match theory and empirics. A further value added

of our approach is the possibility to distinguish between positive and negative

shocks and the time it takes for each of them to be digested by the firms.

The remainder of the paper is structured as follows. In section 2 the em-

pirical methodology is described and section 3 presents the results. Section 4

gives an outlook on further research based on recent findings and Section 5

concludes.

2 The empirical methodology

2.1 The data

Quite contrary to the usual aggregated analysis of macroeconomic dynamics

we use micro data on the firm level. The data source is a business tendency

survey in the manufacturing industry. It covers the years 1989 to 2006 on a

quarterly basis. As there was a reclassification of industry branch codes in

1998, we split our sample into the two parts: 1989 to 1998 third quarter with

57’160 observations, and 1999 to 2006 third quarter (22’122 observations). The

two key questions for our analysis are related to the firms’ capacity utilisation.

One asks whether the firm’s technical capacities are currently too high, just

right or too low. The other inquires the degree of the capacity utilisation

within the past three months in percentage points, where the firms can choose

from a range of 50% to 110% in five percent steps. From the latter we can
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calculate the percentage change in production capacity from t to t + 1 and

compare this to the judgment about capacity utilisation given by the firm in

the previous period, that is in t.

Our ability to match the qualitative answer which tells whether or not firms

are in need of more capacity and the change in their actual capacity utilisation

holds the key for answering the research question. For example, if firms indicate

that their technical capacities are too low and we observe that their use of

capacity utilisation increases, it is safe to say that this particular firm has

been hit by a (positive) shock. We thereby allow for both developments that

may underlie a change in capacity utilisation. On the one hand, a change in

capacity utilisation can be caused by a change in capacities at a constant level

of production while on the other a firm may adjust the level of production

with capacities remaining unchanged.1 If capacities are, for example, too low,

a firm can react by increasing capacities in order to satisfy the risen demand.

As the survey explicitly asks for technical capacities, more precisely production

facilities like buildings and machinery, it might not be likely that capacities can

be adjusted within a quarter. Capacity utilisation itself, on the other hand, is

more flexible in the short run and can be matched to sudden events that hit

the firm rather quickly by, for example, stocking output. However, we do not

know in which way firms adjust when their capacity utilisation changes.2 For

our purpose it is important that firms do adjust, not how.

1Strictly speaking, various other combinations of changes in the level of production and
the availability of capacities could also be thought of. Since the main message of the inter-
pretation remains unchanged, we do not discuss these possibilites any further.

2Another survey among the same firms also asks for changes in production. This survey
is conducted monthly which raises technical issues. Therefore, we did not yet exploit this
information but leave it to future research.
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Table 1: The principle structure of the contingency table

realisation
– = +

– mm me mp
judgment = em ee ep

+ pm pe pp

2.2 Key data properties

Next, we will discuss the main data properties. We will first examine the

data by means of contingency tables suggested by Ivaldi (1992). They are

constructed as follows (see table 1).

The rows describe the judgment of the firms in t about their current tech-

nical capacity; ‘+’ stands for ‘too high’, ‘=’ for just right, ‘–’ for too low.

The columns list the possible outcomes in capacity utilisation changes. A ‘+’

means that the level of capacity utilisation has been augmented between t and

t + 1, a ‘=’ stands for an unchanged level and ‘–’ means a lower level.

This table has originally been used for judging whether or not firms are

(weakly) rational: rationality can be inferred if the main diagonal elements are

the largest elements in the respective row. We use this table in yet another

way, however. On the basis of this table we obtain nine different states of the

firms, and we are able to identify states that can be associated with either pos-

itive or negative shocks. The remaining states will be considered equilibrium

situations, or states during which adjustment takes place.

When looking at state pm, for example, firms positioned in this field con-

sider their capacities in t as ‘too high’, but from t to t + 1 their degree of

capacity utilisation still declines. Using the previous arguments we can clas-

sify this state as a situation where a negative shock has hit the particular firm,
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or short negative shock. The argumentation for state mp is similar. As capac-

ities in t are stated as ‘too low’ and the capacity utilisation rises anyway in

the next quarter, we can classify mp as a state generated by a positive shock,

short positive shock. The equilibrium derived from this observations is the

state ee, where capacity is ‘just right’ in t and hence there follows no change

in capacity utilisation in t + 1.

For the two subsamples in our study, the repartition of percentage shares

to the different states of the 3× 3 matrix is composed as summarised in table

2. Apart from simply summarising the data properties, the table shows a few

Table 2: Contingency tables

Subsample 1 realisation
(1989 – 1998) – = +

– 2.7 3.7 2.1
judgment = 23.5 34.2 21.6

+ 3.1 4.6 4.5

Subsample 2 realisation
(1999 – 2006) – = +

– 2.5 2.7 2.4
judgment = 25.6 29.9 25.5

+ 3.0 3.7 4.7
The table entries report the shares of firms
who judge their capacities according to the
row labels and likewise experience a change
in capacity utilisation as indicated by the col-
umn headers.

interesting features. For example, the majority of firms find itself in a situation

where capacities are sufficient. After judging their capacities as ‘just right’ in t,

nearly the same number of these firms report a decrease as well as an increase

in their realisation of capacity utilization one period later. Hence, it seems

that on average the firms have now better information on what is going to
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happen to them than what they actually fill in the questionnaires. Similarly,

firms who have too much capacities will most likely increase their level of

capacity utilisation in the following period. In contrast, respondents with too

few capacities will report an unchanged level afterward most often. Although

for the second subsample the difference between the ‘=’ and the ‘–’ share is

just one tenth of a percentage point, it is still more likely to decrease capacity

utilisation than to increase it. Furthermore, positive as well as negative shocks

do not occur very frequently (e.g. for the second subsample pm = 3.0 and mp =

2.4). All in all, the contingency tables point to a rather reliable and intuitively

appropriate answering pattern where the responses are overall consistent with

(at least weak) rational expectations on part of the surveyed firms.

2.3 Shocks and the state of the economy

2.3.1 The semantic cross validation approach

Economies which are in equilibrium may face shocks which put them off track

for a number of periods. Very often, the time it takes for re-establishing

equilibrium is regarded the duration of the business cycle. Positive such shocks

are often associated with upward pressure on inflation and negative shocks may

imply a rise in unemployment rates. Both of these effects are associated with

costs for the society. Therefore, economists are eager to know whether or not

an economy is in equilibrium and how long it takes to adjust to shocks.

The speed of adjustment of an economy to shocks is usually measured on

the basis of economy wide aggregates such as industrial production indexes or

Gross domestic product (GDP). A standard procedure would be to adjust a

(possibly multivariate) autoregressive model to the data and then to estimate

the impact a shock has by, for example, impulse-response analysis. This proce-
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dure invokes a series of approximations and assumptions that have to be made.

Shocks are broadly speaking derived by formulating a data generating process

and by using the unexplained variables, ie the regression residuals as the shocks

that drive the dependent variable. Obviously, the thereby calculated shocks

are contingent on the model used, identifying assumptions, and the informa-

tion set considered. If it was possible to identify and measure shocks more

directly macroceconomic analysis would certainly benefit. The semantic cross

validation approach offers such an opportunity.

The starting point is again the contingency tables 2. These tables can be

calculated for each period. We thus obtain a handy description for the state of

the economy in every quarter. The advantage of our data is the opportunity

to assign each of the nine table entries an economically interpretable mean-

ing. Furthermore, we can model the move of the economy from one quarter to

the next and thereby how the states of the economy follow one another in a

structured way. This sequence of states represents nothing but the macroeco-

nomic dynamics of the economy. Using the semantic identification of shocks,

or rather states resulting from a shock allows us to characterize the speed and

path of adjustment an economy takes in the aftermath of a surprise.

In our case we start the identification of shocks by considering the semantic

content of the survey questions. The first question we use asks whether or not

firms judge their technical capacities to be either of the three: ‘too low’, ‘just

right’, or ‘too high’. The implicit intention thereby revealed by the firms is to

increase, not to change, or to decrease the degree of capacity utilisation. As

noted before, this could be achieved by either changing the level of production

or by adjusting the amount of technical capacities.

Each period firms are also asked to specify their capacity utilisation in

percentage points. Obviously, if their intention matches the firms’ action,

10



then a ‘too low’ response at time t should correspond to a decrease in capacity

utilisation between t and t + 1. By contrast, when the firm does the opposite

of what it intended to do, we consider this to be the effect of a shock that has

hit this particular firm. Therefore, if we find such a firm, we count this event

as occurance of a shock. After aggregation over all firms in the sample we can

calculate the share of firms that is actually been hit by a shock. Quite naturally,

the combination ‘too low’ and ‘increase’ indicates a positive shock, while ‘too

high’ and ‘decrease’ will signify a negative shock. Finally, the combination

‘just right’, ‘unchanged’ will be associated with equilibrium.

2.3.2 Shocks to and state of the economy

There are several ways to define a shock and there is no general water-tight

agreement on what exactly the necessary features of a shock are.3 In line with

the most commonly used definition we regard an event as a shock when this

event occurs unexpectedly. In our particular case this is a situation when the

degree of capacity utilisation moves in the opposite direction to what had been

expected by the firm in question.

The second aspect of the definition of a shock is the unit of measurement.

In many empirical applications the shock is equivalent to the unexplained

variance, or regression residual, or a linear combination of residuals. If, for

example, we would estimate the degree of capacity utilisation by a linear time

series model, then the residuals, or shocks that drive the dynamics would be

interpretable in terms of percentages of capacity utilisation. The definition of

our shock variable is different, however. As we are measuring the share of firms

3 This disagreement sometimes even extends to a single author. For example, Alesina
and Fuchs-Schündeln (2007) use the term shock to characterise a situation that is unwanted

by the majority of a population, while Fuchs-Schündeln (2008) follows the more widely used
approach to regard those events a shock that are unexpected.
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that has been surprised, the resulting variable is equivalent to an indicator for

the otherwise unobservable event. In other words, it represents a mapping

from an event (the shock) to a state variable (the share of surprised firms),

ie to the consequence of the event. As a consequence and for the ease of the

exposition we will in the following use the term “state of an economy that

arises from a shock” interchangeably with “shock”.

2.3.3 Shock or demand shock?

As outlined before, we interpret a certain combination of survey responses as

an indicator for the occurrence of a shock. In a very early version of this

paper we furthermore claimed this shock to correspond to a demand shock.

Subsequent discussions at workshops, conferences, and seminars has led us to

drop this rather strong conjecture. Fellow economists found it too hard to

accept that the shock we defined necessarily originates at the demand side

of the market. One of the main and most frequent reservations expressed

was the lack of information about unforseen changes in technical equipment,

interruptions in the supply chain, and sudden price changes of intermediate

goods like oil. Just for completness we list the reasons that previously had

made us claim the shock to be a demand shock. We leave it to the reader

to judge the merits of both line of arguments. This point is not decisive for

the main conclusions of the paper. We will therefore take up this problem in

subsequent research.

• Regular adjustment of technical capacities is time consuming. Once im-

plemented, it will be accounted for when the judgment is made. Tech-

nology shocks will thus not be captured by our methodology.

• Adjustment of technical capacities is very likely associated with costs
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that do not permit an immediate and fast (within a quarter) adjust-

ment. Therefore, variations are more likely arising from adjustment of

production in response to variation in demand.

• Intermediate goods and other factors of production are ordered well in

advance of actual production. Therefore, if there is a shock to the supply

of those goods, the firm can be assumed to adjust prior to producing its

output. In additions, these kind of disruptions should not (directly)

impact technical capacities,

• The instruction to the survey question specifies technical capacities as

equipment and buildings without regarding the size of the workforce.

Unused machinery due to maintenance should not be considered a change

in capacities, nor in capacity utilisation. Further, when determining

capacity utilisation, respondents are asked to compare actual output to

the maximum possible for the respective line of production without extra

time.

• According to the instructions, technical capacities should be judged ‘too

high’, when they cannot be operated at full capacity because expected

demand cannot be met without adjusting time of delivery.

• Drawing on Black and Gallagher (1999) and their Australian firm data

variations in capacity utilisation are primarily due to demand shocks.

• In principle, firms have some control over the utilisation of their capac-

ities. This control does not extend to the demand for their products.

Therefore, the measured effect will tend to be more likely be associated

with a demand shock.
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2.4 Transition probabilities and Markov-chain

Having established the states a firm can find itself in, it remains to identify the

path and speed of adjustment a firm follows once it has been hit by a shock.

We suggest to describe the movement of a firm from one state to another

between two periods by a multivariate, discrete Markov-chain of order one and

dimension nine.

In order to facilitate the analysis we make two important assumptions.

ASSUMPTION 1 (Markov chain). Firms at state sj , 1 ≤ j ≤ 9 in period t

will move to state sk, 1 ≤ k ≤ 9 follows with constant probability.

ASSUMPTION 2 (Homogeneity). The firms in our sample are homogeneous

with respect to their typical response pattern.

Remark 1. An alternative way to look at assumption 1 is to assign the econ-

omy an autoregressive (AR) behaviour that will be approximated by a discrete

Markov-chain. In contrast to a simple AR representation of a single state, all

nine states are modelled simultaneously. As a consequence, the marginal pro-

cess for a single state (e.g. the positive shock) has a autoregressive-moving

average representation that allows a much richer dynamic than a simple AR

process of order one (see Lütkepohl, 2005).

Remark 2. Assuming homogeneity is nothing but a tool that helps simplifying

the analysis. While there might be arguments that imply different responses

depending on the size of the firm, for example, even our large data set does not

provide enough information for sensibly estimating the required 81 transition

probabililties conditional on the firm characteristics.

Interestingly, there is no need to a priori assume stationarity. Whether

or not the economy behaves explosively (or implosively) can be left to the

estimation of the transition matrix. In their analysis of demand shocks faced by

14



individual firms Bouissou et al. (1986) also use a Markov-chain approximation.

Their results point to a non ergodic Markov process. However, our use of an

estimate of the average shares of firms’ states already implicitly suggests that

we at least expect the system to be mean reverting.

In sum, we suggest to regard the move from state sj,t to sk,t+1, 1 ≤ j, k ≤ 9

to be ruled by a 9-dimensional Markov-chain. We thus define the probabilities

pj,k = Prob(sk,t+1|sj,t), 1 ≤ j, k ≤ 9 (2.1)
9

∑

k=1

pj,k = 1 ∀j = 1, . . . 9 (2.2)

where j and k denote either of the 9 states defined before. In order to find the

adjustment paths of the firms, we have to estimate the implied 9 × 9 matrix

of transition probabilities. To facilitate estimation we need to calculate the

repartition of firms to the different states of the contingency table both for

t to t + 1 and t + 1 to t + 2. Matching these three dates leaves us 48’103

observations for the first and 17’526 observations for the second subsample.

Homogeneity of firms implies a constant pj,k for all firms.

Then, it is checked in which state the firms are in t and where they are in

t+1. As an intermediate result we obtain a 9×9 matrix, whose elements show

the frequency by which firms move from a state given by the row number to

the state given by the column number. Table 3 illustrates the results for the

second subsample. For example, of all 823 firms that take position pp at time

t, 105 will be found in state pp at time t + 1 too, while 134 move to ee, the

equilibrium state.

Table 3 tells a number of interesting stories about the economy. First of all,

the most prominent position for a firm is equilibrium (ee). Once being there

it is most likely that it will stay there. This is only true also for positions pe
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Table 3: One-step-transition frequencies in subsample 2

t / t + 1 pp pe pm ep ee em mp me mm sum

pp 105 95 158 124 134 187 6 6 8 823
pe 158 219 89 79 71 35 5 4 1 661
pm 198 108 57 80 36 24 11 4 2 520
ep 27 41 68 883 1303 1853 50 120 156 4501
ee 56 69 71 1222 2458 1251 41 90 42 5300
em 235 126 86 1874 1115 833 93 52 29 4443
mp 2 3 5 44 43 110 41 43 93 384
me 7 4 2 34 104 65 55 133 71 475
mm 13 4 2 115 63 77 72 43 30 419

and me. On the other hand, more than one half of the firms in ee move out

of there the following period. This can be taken as an indication that shocks

occur rather frequently and hence firms are constantly forced to adjust in one

way or another. Thus, measuring the time it takes before a firm gets active may

not be an appropriate measure of the actual speed of adjustment since during

that time span additional shocks hit the firm making it impossible to relate

the eventual action to a particular point in time. The adjustment measured

should thus be regarded as the typical adjustment process in an environment

that is characterised by both frequent shocks and the permanent struggle for

coping with them. The considerable persistence in the transition frequencies

can therefore stem from persistence of the shocks or responses to the shocks.

Conditioning on the respective initial state the one-step transition proba-

bilities can be defined. The one-step probability of moving from state pp to

state pp again will be denoted p11. The estimated one-step-transition proba-

bilities are collected in the matrix Ai=1 whose 81 elements aj,k, j, k = 1, . . . , 9

correspond to the pjk.
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For the two subsamples we obtain the following estimates:

Â(1)1 =















































0.1523 0.1519 0.1709 0.1305 0.1590 0.2150 0.0043 0.0062 0.0100

0.1934 0.3937 0.1457 0.1013 0.1104 0.0500 0.0023 0.0018 0.0014

0.3558 0.2458 0.1492 0.1276 0.0608 0.0398 0.0149 0.0034 0.0027

0.0063 0.0079 0.0151 0.1661 0.3141 0.4172 0.0095 0.0244 0.0393

0.0091 0.0152 0.0093 0.1768 0.5374 0.2178 0.0066 0.0199 0.0079

0.0540 0.0282 0.0216 0.3929 0.2796 0.1877 0.0189 0.0105 0.0066

0.0031 0.0010 0.0083 0.0896 0.1146 0.2260 0.1063 0.2135 0.2375

0.0023 0.0051 0.0028 0.0568 0.1863 0.1002 0.0979 0.3872 0.1615

0.0313 0.0094 0.0086 0.2383 0.1711 0.1750 0.1484 0.1320 0.0859















































and

Â(2)1 =















































0.1276 0.1154 0.1920 0.1507 0.1628 0.2272 0.0073 0.0073 0.0097

0.2390 0.3313 0.1346 0.1195 0.1074 0.0530 0.0076 0.0061 0.0015

0.3808 0.2077 0.1096 0.1538 0.0692 0.0462 0.0212 0.0077 0.0038

0.0060 0.0091 0.0151 0.1962 0.2895 0.4117 0.0111 0.0267 0.0347

0.0106 0.0130 0.0134 0.2306 0.4638 0.2360 0.0077 0.0170 0.0079

0.0529 0.0284 0.0194 0.4218 0.2510 0.1875 0.0209 0.0117 0.0065

0.0052 0.0078 0.0130 0.1146 0.1120 0.2865 0.1068 0.1120 0.2422

0.0147 0.0084 0.0042 0.0716 0.2189 0.1368 0.1158 0.2800 0.1495

0.0310 0.0095 0.0048 0.2745 0.1504 0.1838 0.1718 0.1026 0.0716















































where each row sums up to one and the number in brackets indicates the

subsample.

Figure 1 shows the typical adjustment patterns of firms in subsample 1

after either a positive or negative shock.4 The path of, say a positive shock

(initial position mp) is mp → mm → ep → em → ep . . . .

This implies that after being hit a vast majority of firms starts to adjust

immediately, most of them by decreasing their capacity utilisation in the fol-

4For the 2nd subsample paths change only marginally
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Figure 1: Typical adjustment patterns (subsample 1: 1989–1998).

lowing period which may indicate either sales from stocks or an increase in

capacities. The adjustment closes with a sustained switching between the two

near equilibrium states em and ep.

The probability of jumping from a state of a positive shock to a state being

regarded a negative shock (from mp to pm) and vice versa is comparably

low. In general, the probability of a move from one of the more extreme

situations which are given in the lower left and top right 3 × 3 sub matrices

to the other extreme positions appears very unlikely. This conclusion can be

inferred from the small numbers in these parts of the matrices. In other words,

extreme moves are very rare which is reassuring in the sense that the data

under investigation has properties that comply with straightforward economic

reasoning.

The fact that most of the firms start to adjust immediately can be con-

firmed by looking at the probabilities of starting in a shock state and actually

staying there until the next quarter. For the positive shock, these probabilities

are even lower than for the negative shock. But in general, the probability

to really stay in the shock position (meaning not doing any adjustments, or

being hit again) are the lowest next to the possibilities to jump directly to

some equilibrium state or to the opposite shock. Thus, we have evidence that
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adjustment takes place immediately because firms are able to react with quan-

tities very quickly. Another argument in favour of fast adjustment provides

table2. The percentage share of firms in states of a shock (pm or mp) is very

low. Thus, firms only find themselves in a shock state when the shock severely

hits them and they are not able to balance it immediately. Altogether, the

results seem to confirm our way of identifying the shocks: Firms which state

that their capacities are too high (or too low) and who cannot immediately

adjust must experience a profound event. And that is what we identify as a

shock.

The final state of the system is given by the marginal distribution of the

Markov chain. This state exists if the Markov chain is regular (Hamilton,

1994). Regularity follows when there exists an m for which all elements of the

m-step transition matrix A(·)m are positive. Then all A(·)t
m are regular for all

t ≥ m. The marginal distribution π̃ is stationary if

π̃A(·)m = π̃. (2.3)

It can be shown that this condition holds for the two matrices of the subsam-

ples. Hence, our Markov chain is ergodic. Therefore, the limit limt→∞ A(·)t
i =

A(·)∞ exists and the matrix A(·)∞ has identical rows:

A(·)∞ =

















p1 p2 . . . p9

p1 p2 . . . p9

. . . . . . . . .

p1 p2 . . . p9

















(2.4)
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For the two subsamples, we get the following marginal distributions:

Â(1)∞ = 1(9,1) ⊗
[

.045 .047 .031 .214 .347 .234 .019 .037 .026
]

and

Â(2)∞ = 1(9,1) ⊗
[

.046 .039 .031 .254 .304 .252 .022 .029 .025
]

where 1(9,1) signifies a column of nine ones.

We find that the fifth column, which represents state ee, shows the highest

marginal probability. Consequently, following the Markov-chain, the firms will

end up in the equilibrium state with highest probability. Of course, this should

not come as a surprise, since this is also the state in which firms find themselves

in most often on average (see table 2).

Here again it is interesting to observe that the final state is characterised by

a non-zero proportion of firms off the equilibrium position (ee). The implicit

conclusion would be that the economy does not move towards equilibrium as

a whole but rather to a final non-stochastic steady state with a certain share

of firms being on and off equilibrium.

2.5 Simulation of the adjustment process

To measure the effect of positive and negative shocks, we impose an extreme

initial position of the system by assuming that all firms have simultaneously

been hit by a negative or positive shock pushing all of them to either the pm or

the mp position. We then model the adjustment by observing the movement of

the firms along the Markov-chain until convergence to the marginal distribution

is achieved. In so doing we can measure the time span until the marginal

probability is reached. During the adjustment process we can also assess the

20



extent to which the gap between the actual and the final state of the whole

systems is bridged.

The two 9×9 initial value matrices for a shock will be called N for the neg-

ative, and P for the positive shock. Both matrices have zero elements except

for the elements in the third column in matrix N and in the seventh column

in matrix P which represent jumps to positions pm and mp respectively. This

is equivalent to saying that all firms are initially hit by a positive or negative

shock. The shocks are then fed into the system by post multiplying N and

P by A(·)1. The product reports the situation of the whole system after one

period. This operation is then repeated further hN − 1 (hP − 1) times until

the marginal distribution is achieved. The value of hN and hP will inform us

how long it typically takes until firms completely adjust to shocks.

3 Results

Applying the procedure described before enables us to observe the reduction in

the distance between the initial position and the final state. Since by definition

all states will achieve their final values at the same time, it is convenient to

summarize the adjustment of the system by considering the squared distance of

each position to its asymptotic value. These squared differences are then added

up and the square root is taken. Finally, the adjustment path is standardised.

More formally, the aggregated state of the economy, S(·)i, i periods after shock

is calculated as

S(N)i =
√

tr
(

(N ∗ A(·)i) − A(·)∞) (N ∗ A(·)i − A(·)∞)′
)

and the normalisation of the sequence S(N) = {S(N)1, S(N)2, . . . , S(N)hP
} is

obtained by dividing all elements of the sequence by S(N)1. Values for S(P )
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Figure 2: Adjustment to shock in the subsample 1989–1998.

are obtained along similar lines.

The following graphs depict the adjustment process from the first to the fif-

teenth period after the shock. For simplicity, both shocks share a common sign.

Looking at the graphs it turns out that the bulk of the adjustment occurs

within two quarters, or half a year. During that time approximately two thirds

of the time distance to the final steady-state situation passes, and after one

year about 90 percent of the shock has died out.

Two more aspects can be inferred from the results. First, it turns out that

the reaction to the shock is consistently asymmetric for both subsamples. In

each experiment the adjustment to the positive shock is faster than the adjust-

ment to the negative shock. In the first subsample firms have closed the gap

to the final marginal distribution by 55% after one and almost 80% after two
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Figure 3: Adjustment to shock in the subsample 1999–2006.

quarters when they were hit by a positive shock while these numbers amount

to 45% and 65% after a negative shock. Likewise, it takes two more quarters

in case of a negative shock until the distance to the marginal distribution is

effectively zero. This phenomenon is the more remarkable since the marginal

distribution features a larger probability to be subjected to a negative shock

than a positive shock. The latter implies that assuming that all firms are hit

by a negative shock is a situation which is closer to the final state than the

assumption of a positive shock.

The reason for this asymmetry is not easy to identify. One could have

expected that a negative shock would trigger a faster reaction on part of the

firms since, according to the prospect theory losses are often more heavily felt

than profits (Kahneman and Tversky, 1979). On the other hand, firms may
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have more difficulties to realise losses in comparison to profits and hence may

turn a blind eye on them more readily. Finally, it might be simply less trivial

to adjust downward than upward due to fixed contract periods and sunk costs.

If the difference in the speed of adjustment was not owed to the behaviour

of firms, it could be due to the different character of the shocks itself. For

example, negative shocks could be more persistent than positive shocks and

firms react always the same way. This argument is at odds, however, with

many researchers’ believe that recessions are less durable than booms.

The same asymmetry can also be observed in the second subsample. The

difference remains similar although the speed of adjustment is now higher for

both shocks. After one period 65% (positive shock) and 55% (negative shock)

of the initial distance to the marginal distribution are covered while it still takes

two more periods for a negative shock to be properly digested. If this reduction

in the adjustment time was genuine, this could be an indication of increased

competition and flexibility on the part of the firms. An alternative explanation

is that the character of the shocks has changed such that both kinds of shocks

are now less persistent. It is yet too early, however, to conclude whether or

not this result is owed to the different sample sizes, or to a more fundamental

change in the structure of the economy as a whole.

4 Outlook

In order to characterise the economy’s shock adaptation process we operated

with a number of approximations such as homogeneity of firms. Therefore, a

point of interest for future research is the investigation of whether or not the

homogeneity assumption with respect to firms can be justified.

Our finding that negative shocks exhibit a lasting impact on the economy
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would imply that an according time series should be informative for the growth

of GDP, or at least for the industrial sector. Therefore, a natural extension of

the current work would be to develop a business cycle indicator being based

on our measurement of shocks and the state of the adjustment process.

In the aftermath of a shock firms can react by adjusting prices or output,

or both. The more readily output is adjusted the lower should be the impact

on prices. Hence, our findings suggest that prices face an upward pressure for

about one year after a positive shock. This observation should be interesting

to policy makers and model builders alike. A natural extension of our analysis

is therefore to test whether or not those periods of a strong indication of either

shock has a corresponding effect on prices.

5 Summary and conclusion

This paper models the adjustment of a firm to a shock as a series of states of

a Markov-chain. The basis for our analysis is a micro data set of firms in the

manufacturing industry that allows us to combine qualitative and quantitative

information on an individual basis. We interpret the judgment of a firm about

its technical capacities in combination with the effective change in capacity

utilisation as a positive, a negative, or no shock depending on whether or not

the implicit expectations is met.

The outcome of the investigation indicates that firms do react differently

depending on whether or not the experienced shock was a negative, or a posi-

tive one. The difference in the time needed for adjustment amounts to half a

year. After two and a half years the typical firm will have adjusted completely.

Further, preliminary, evidence also shows that the speed of adjustment has

increased in the economy after 1998. It has yet to be seen whether or not this
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result will find additional support in the future.
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