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1 Introduction

The formal literature on uncertainty and investment has struggled to rationalise

the popular perception that more uncertainty is bad for business investment and

capital accumulation. Modern �nance theory emphasises the role played by port-

folio diversi�cation, so that the risk premium component of a �rm�s cost of capital

has little connection to the level of uncertainty about the �rm�s own future de-

mand or cost conditions. For standard models of the �rm, factor demand theory

suggests a positive e¤ect of greater uncertainty on the expected marginal product

of capital in future periods, implying that more uncertainty should stimulate cor-

porate investment in the short term, and result in higher capital stock levels in

the long term (Hartman, 1972; Abel, 1983).

The more recent literature on irreversible investment is more successful in this

respect, but only in relation to short run investment behaviour. A combination of

irreversibility and market power creates an option value to delaying investment,

and the value of this real option increases with the level of uncertainty in the �rm�s

operating environment (Dixit and Pindyck, 1994; Abel and Eberly, 1996). As em-

phasised by Bloom (2009), an increase in uncertainty then makes �rms less likely

to invest in response to a given, positive shock to their demand or productivity.

This has important consequences, implying for example that higher uncertainty

reduces the response of business investment to a given demand stimulus. Yet this

does not imply that �rms will operate with less capital in an environment char-

acterised by a higher level of uncertainty. Optimal investment behaviour becomes

more cautious in response to good news because, with irreversibility, �rms antici-

pate being stuck with more capital than they would like after negative shocks. The

net e¤ect of a higher level of uncertainty on average or cumulative investment over

a long period of time depends on the balance of these two forces. In a canonical
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model with irreversible investment, Abel and Eberly (1999) show that the sign

of the relationship between uncertainty and capital stock levels is theoretically

ambiguous.

The focus of this paper is on this long run relationship between uncertainty

and business capital accumulation. In Bond, Söderbom and Wu (2011) we have

shown that with strictly convex capital adjustment costs, there is a further chan-

nel through which higher uncertainty tends to reduce capital stock levels. Greater

volatility in the �rm�s demand or productivity implies greater volatility in the

�rm�s desired capital stock, or higher desired levels of both investment and disin-

vestment. With increasing marginal adjustment costs for capital, this unambigu-

ously increases the �rm�s expected costs. A higher level of uncertainty then acts

much like a higher cost of capital, inducing risk-neutral value-maximising �rms to

choose lower capital stocks.

In this paper we present empirical evidence on the quantitative importance of

this link between uncertainty and capital accumulation. Do �rms face signi�cant

convex costs when adjusting their capital stocks? How strong is this e¤ect of

uncertainty on optimal capital stocks at our best estimates of the adjustment costs

faced by large manufacturing �rms? How robust is this evidence to consideration of

other mechanisms through which uncertainty may in�uence business investment?

To address these questions we estimate a structural model of investment, using

�rm-level data for a panel of publicly traded UK manufacturing companies. Our

baseline model is closely related to those considered recently by, for example,

Cooper and Haltiwanger (2006), Eberly, Rebelo and Vincent (2008) and Bloom

(2009). Firms in the model are risk neutral and maximise their net present values.

They produce output which is sold in imperfectly competitive markets, using

capital and �exible inputs according to a constant returns to scale Cobb-Douglas
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production function. Each �rm faces a stochastic, isoelastic demand curve, which

is the only source of uncertainty in our baseline speci�cation. Investment is subject

to three types of adjustment costs: partial irreversibility, so that the price at which

capital goods can be sold is below that at which they are purchased; a �xed cost,

incurred when any investment or disinvestment is undertaken; and a quadratic

cost, so that marginal adjustment costs increase with the rate of investment. The

size and structure of these adjustment costs are important for the long run e¤ect

of uncertainty on capital accumulation, so that obtaining credible estimates of the

adjustment cost parameters is central to our analysis.

The model does not have a closed-form solution but can be solved and sim-

ulated numerically. Estimation is based on the method of simulated moments

(MSM; Gouriéroux and Monfort, 1996), which involves matching simulated mo-

ments from the model to empirical moments in the data. Annual investment series

for large companies display persistence and are typically smooth. These charac-

teristics are consistent with the presence of signi�cant quadratic adjustment costs,

but could also be rationalised by di¤erences in long run growth rates, or by ag-

gregation over many, imperfectly correlated investment decisions (for example,

in di¤erent capital goods, at di¤erent locations, or at di¤erent times during the

year). To reduce the risk of spuriously attributing these features to quadratic ad-

justment costs, our model allows for unobserved heterogeneity across �rms in the

trend growth rate of demand, and treats annual �rm-level investment spending

as an aggregate over multiple investment decisions at di¤erent plants. We also

allow for unobserved heterogeneity across �rms in the standard deviation of de-

mand shocks, which indexes the level of uncertainty facing �rms in our baseline

speci�cation.

The model generates simulated data for capital stocks, real sales, and oper-
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ating pro�ts. The moments we use to estimate the structural parameters in our

baseline speci�cation include means, standard deviations, autocorrelations and

cross-correlations of these three variables, expressed either as growth rates or ra-

tios (i.e. we do not use moments for the levels of the series). We also use the

mean and standard deviation (across �rms) of the within-�rm standard deviation

of real sales growth (as a proxy for uncertainty), and features of the distribution of

investment rates (e.g. fractions of observations with very high investment rates -

spikes - and negative investment rates), which are useful for identifying the e¤ects

of non-convex adjustment costs (Cooper and Haltiwanger, 2006).

Using these moments, we can identify key structural parameters characterising

the adjustment costs, the production technology, the price elasiticity of demand,

the persistence and trend growth rate of demand, and the standard deviation

of demand shocks. Based on the parameter estimates, we report counterfactual

simulations that vary the level of demand uncertainty facing each �rm, keeping all

other parameters at their estimated values. We �nd the quadratic component of

capital adjustment costs to be important for these �rms. As a result, we estimate

that a permanent increase in the level of uncertainty would have a substantial

negative e¤ect on the average level of their capital stocks in the long run. For

example, a permanent increase in the standard deviation of demand shocks by

10% (at the plant level) reduces average capital stocks (at the �rm level) by about

20% in the long run.

We consider the e¤ects of generalising the model in two ways. First, we extend

the model to allow for uncertainty about future total factor productivity (TFP),

as well as about future demand. In our model, the distinction between these

two sources of uncertainty is potentially important. With our functional forms, if

the price elasticity of demand is moderate or high, the pro�t function is convex in
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productivity. It follows from Jensen�s inequality that a mean preserving increase in

the variance of productivity shocks raises the expected marginal revenue product

of capital, thereby generating a positive relationship between TFP uncertainty and

desired capital stocks. This mechanism was �rst established by Hartman (1972)

and subsequently analysed by Abel (1983, 1984, 1985) and Caballero (1991). In

contrast, our pro�t function is linear in demand, which implies no e¤ect of a change

in the variance of demand shocks on the expected marginal revenue product of

capital. Hence, establishing the relative importance of demand and productivity

shocks is important in our speci�cation for the long run relationship between

uncertainty and capital accumulation. In order to distinguish between these two

sources of uncertainty, we need to exploit moments involving the levels of the

simulated capital and sales series. More speci�cally, we use the correlation between

average �rm size, measured by the level of the capital stock and real sales, and

the within-�rm variance of growth rates. Our results suggest that the Jensen�s

inequality e¤ect of uncertainty - henceforth the Hartman-Abel e¤ect - is small,

and that our baseline results are robust to this generalisation of the model.

Second, we consider the implications for our results of allowing for a simple risk-

premium component in the �rm�s discount rate. This generalisation is intended to

explore the possibility that relevant decision-makers (owners or managers) are risk

averse and cannot fully diversify �rm-speci�c risks. We parameterise the discount

rate as a linear function of �rm-level uncertainty and estimate the e¤ect of higher

uncertainty on the discount rate. The results indicate a positive and statistically

signi�cant e¤ect of uncertainty on the discount rate, and imply that we can �t

certain moments in the data better than with the baseline model. The simulated

e¤ect of higher uncertainty on long run capital accumulation based on this model

is similar to that in our baseline, though slightly larger in magnitude.
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Overall our empirical results suggest that large manufacturing �rms face a sig-

ni�cant convex component to capital stock adjustment costs. This generates a

quantitatively important negative e¤ect of uncertainty on business capital accu-

mulation. We �nd that this dominates a small, positive Hartman-Abel e¤ect of

uncertainty on optimal capital stock levels, and may be reinforced by a tendency

of higher uncertainty to raise required rates of return. Given the importance

of di¤erences in capital per worker in explaining di¤erences in output per worker,

both across countries and over time, this suggests that persistent di¤erences in the

level of uncertainty facing �rms may have important implications for per capita

incomes.

2 Investment Model

We assume that �rms face isoelastic, downward-sloping, stochastic demand sched-

ules of the form

Qt = XtP
�"
t (1)

where Qt is output, Pt is price and �" < �1 is the price elasticity of demand.

The demand shift parameter Xt is stochastic, re�ecting changes in the quantity

demanded at a given price, and follows a trend stationary process

xt = lnXt = cx + �xt+ �
x
t ; (2)

�xt = �x�
x
t�1 + e

x
t ;

ext � iid N
�
0, �2x

�
: (3)

This speci�cation implies that demand shocks ext have e¤ects that are persistent

but not permanent, decaying at the rate 0 < �x < 1. On average demand grows

at the trend rate �x.
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Output is produced using capital ( bKt), labour (Lt) and materials (Mt) accord-

ing to a constant returns to scale Cobb-Douglas production function

Qt = A bK�
t L

�
tM

1����
t (4)

where total factor productivity (A) is assumed to be constant in our baseline

speci�cation. The stock of capital evolves over time such that bKt = Kt + It

and Kt = (1 � �) bKt�1. New investment It thus contributes to productive capitalbKt immediately in period t, and productive capital depreciates at the known,

constant rate � at the end of each period. If the �rm undertakes no investment,

its productive capital stock thus decays at the rate �. Adjusting the productive

capital stock upwards or downwards from this path requires investment, which

may be positive or negative, and results in adjustment costs G(It; Kt) that will be

speci�ed in section 2.1 below.

The net revenue function in period t is given by

PtQt �G(It; Kt)� pIIt � wLt � pMMt (5)

where units of capital are purchased at the price pI , units of labour are hired at

the wage rate w and units of material inputs are purchased at the price pM . These

input prices are assumed to be constant.1

The objective of the �rm is to maximise the net present value of current and

expected future net revenues. Firms making decisions in period t know current

demand (Xt), input prices, the parameters A;�; �; "; cx; �x; �x; �
2
x; and the adjust-

ment cost function G(It; Kt). Firms are uncertain about future levels of demand,

which depend on future realisations of the demand shocks. The level of uncer-

tainty faced by �rms in this model thus depends on the variance of these demand

shocks (�2x).

1Partial irreversibility, which implies a di¤erence between the price at which units of capital
can be bought and sold, will be incorporated through the adjustment cost function.
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We �rst eliminate the choice of the �exible inputs Lt andMt from the dynamic

optimisation problem as follows. We can re-write the production function as

Qt = A bK�
t L

1��
t

�
Mt

Lt

�1����
: (6)

Constant prices for the �exible inputs imply that the ratio (Mt=Lt) will be con-

stant, so that we can simplify this to

Qt = �A bK�
t L

1��
t

where � =
�
((1� �� �)w) =

�
�pM

��1����
: We note that the parameter � still

corresponds to the coe¢ cient on productive capital in a three-factor Cobb-Douglas

speci�cation, as in (4). The net revenue function can similarly be re-written as

PtQt �G(It; Kt)� pIIt � bwLt (7)

where bw = w(1��
�
) also re�ects the cost of material inputs. The optimal choice of

labour then implies that the net revenue function simpli�es to

�t �G(It; Kt)� pIIt

where

�t = hX

t
bK1�
t

corresponds to sales revenue minus the cost of variable inputs, which we denote

as operating pro�ts; the curvature parameter

0 <
1

"
<  =

1

1 + �("� 1) < 1; (8)

depends on the capital share (�) and the elasticity of demand ("); and the multi-

plicative constant

h = (�A)("�1) bw1�"("� 1)"�1(")�"
additionally depends on A;� and the prices of the variable inputs.
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2.1 Adjustment costs

We follow Cooper and Haltiwanger (2006) and Bloom (2009) in allowing for three

forms of capital stock adjustment costs.

Partial irreversibility allows the price at which units of capital can be sold to

be lower than the price at which they are bought. Letting pI denote the purchase

price and pS 6 pI denote the sale price, the e¤ect of positive or negative investment

on net revenue can be written as

�pIIt � (pS � pI)It1[It<0]

where 1[It<0] is an indicator equal to one if investment is strictly negative, and zero

otherwise. The adjustment cost function in this case has the form

G(It) = �biIt1[It<0]

where bi = pI � pS > 0: We normalise the purchase price (pI) to one, so that

the parameter bi can be interpreted as the di¤erence between the purchase price

and the sale price expressed as a fraction of the purchase price. Letting pS ap-

proach zero, and bi approach one, mimics investment behaviour under a complete

irreversibility constraint, as the �rm never chooses to sell units of capital.

Fixed adjustment costs re�ect costs that are incurred if any investment or

disinvestment is undertaken, and avoided by choosing zero investment. We specify

the level of these �xed adjustment costs to be proportional to operating pro�ts,

so that these costs do not become irrelevant as �rms grow larger. The form of the

adjustment cost function in this case is

G(It; Kt) = bf�t1[It 6=0]

where 1[It 6=0] is an indicator equal to one if investment is non-zero, and the parame-

ter bf represents the fraction of operating pro�ts lost by undertaking any non-zero

level of investment.
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Quadratic adjustment costs re�ect costs that increase as the �rm undertakes

additional investment or disinvestment. We specify the level of these quadratic

adjustment costs to be proportional to the �rm�s capital stock, so that a given

investment rate imposes costs which increase with the size of the �rm. The form

of the adjustment cost function in this case is

G(It; Kt) =
bq
2

�
It
Kt

�2
Kt

where the parameter bq measures the size of quadratic adjustment costs.

Combining these three types of adjustment costs, we obtain our adjustment

cost function as

G(It; Kt) = �biIt1[It<0] + bf�t1[It 6=0] +
bq
2

�
It
Kt

�2
Kt: (9)

2.2 Dynamic Optimisation

Optimal investment can now be obtained as the solution to a dynamic optimisation

problem de�ned by the stochastic Bellman equation

V (Xt; Kt) = max
It
fhX

t (Kt + It)
1� � It �G (It; Kt) (10)

+
1

1 + r
Et [V (Xt+1; Kt+1)]g;

where V (�) is the value function, r is the discount rate and Et[�] is the expected

value conditional on information available in period t. The state variables are the

level of demand Xt, and the capital stock Kt inherited from the previous period.

The presence of adjustment costs implies that current investment depends on

expected future returns. Given the form of adjustment costs that we specify in

equation (9), there is no analytical solution that describes the optimal level of

investment It as a function of the state variables Xt and Kt. We therefore use

numerical stochastic dynamic programming methods to solve for these optimal

investment decisions.
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3 Empirical Speci�cation

The properties of investment decision rules have been studied extensively in models

with these forms of adjustment costs.2 Non-convex adjustment costs introduce a

region of inaction - for givenKt, a range of values for the level of demandXt within

which the �rm prefers zero investment, corresponding to upper and lower threshold

levels of the marginal revenue product of capital that are required to trigger any

investment or disinvestment. Outside this range, with irreversibility alone the

optimal response is to invest just enough to keep the �rm at the boundary of the

region of inaction; while a �xed adjustment cost makes low levels of investment

or disinvestment sub-optimal, and any adjustment will shift the �rm back into

the interior of this region. Capital stock adjustment will thus be infrequent and

possibly lumpy. In contrast, with strictly convex adjustment costs, the optimal

response to a demand shock takes the form of a sequence of gradual adjustments,

with investment spread over several periods incurring lower costs than a single,

large investment.

This discussion indicates that the distribution of investment rates, the rela-

tionship between investment rates and proxies for demand shocks, such as sales

growth, and the persistence in investment rates will be informative about the na-

ture of the adjustment costs faced by �rms in our sample. The size and relative

importance of these di¤erent types of adjustment costs are key determinants of the

e¤ects of uncertainty on both short run investment or capital stock adjustment be-

haviour, and on long run capital stock levels. With non-convex adjustment costs,

a higher level of uncertainty, all else equal, makes the region of inaction wider.

Particularly in the case of irreversibility, this weakens the impact e¤ect of positive

2See, for example, Caballero (1999) for a survey of the literature.
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demand shocks on investment.3 However, there are o¤setting e¤ects on invest-

ment and disinvestment (or the extent to which �rms are stuck with unwanted

capital following negative shocks). These make the e¤ect of higher uncertainty on

capital stock levels theoretically ambiguous in sign, and for reasonable parameter

values, extremely small.4 In contrast, with strictly convex adjustment costs, a

higher level of uncertainty has no e¤ect on short run investment dynamics, but

may have a large, negative e¤ect on capital stock levels, as �rms face higher costs

in the presence of greater volatility.5

In specifying our empirical model, we therefore pay considerable attention to

issues which could lead us to underestimate the importance of non-convex adjust-

ment costs, and/or to overestimate the magnitude of quadratic adjustment costs.

Observations with zero investment are completely absent in our annual data for

large companies, but are common in data for individual plants or for smaller

�rms.6 While it may be that �xed costs, for example, are less important for larger

�rms, the absence of observations with zero total investment could also re�ect

aggregation over multiple investment decisions at di¤erent plants or subsidiaries.

Positive autocorrelation in investment rates could re�ect the importance of strictly

convex adjustment costs, but could also be explained by unobserved heterogene-

ity in trend growth rates. Hence we allow for both aggregation and unobserved

heterogeneity in our empirical speci�cation.

3.1 Aggregation

To allow for aggregation over multiple investment decisions in a simple and tractable

way, we assume that each �rm operates m independent plants or subsidiaries. In-

3See Bloom, Bond and Van Reenen (2007) and Bloom (2009).
4See Abel and Eberly (1999) and Bond, Söderbom and Wu (2011).
5See Bond, Söderbom and Wu (2011).
6See, for example, Doms and Dunne (1998) and Anti Nilson and Schiantarelli (2003).
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vestment decisions are taken to maximise the value of each plant or subsidiary,

according to the model outlined in section 2. Demand shocks are assumed to be

independent across these plants, with all other parameters assumed to be com-

mon to plants within the same �rm. Firm-level data on investment, capital, sales

and pro�ts are then obtained by summing the data on these variables over the

m plants, assuming no intra-�rm sales. A similar approach to aggregation within

�rms was taken by Bloom (2009), although Bloom�s speci�cation allows for some

correlation across plants in the demand shocks. We do not formally treat the

number of plants or subsidiaries (m) as a parameter to be estimated, although we

explore the sensitivity of our results to di¤erent imposed values.

3.2 Heterogeneity

Our baseline speci�cation allows for unobserved heterogeneity across �rms in both

the trend growth rate of demand (�x) and the standard deviation of demand shocks

(�x). To introduce this, we adopt a random coe¢ cients speci�cation, with values

for the trend growth rate drawn from a normal distribution, and non-negative

values for demand uncertainty drawn from a log-normal distribution.

More formally, each �rm j has parameter values �j and �j. These are obtained

as independent draws from independent distributions

�j � N(��; �
2
�)

ln�j � N(�l�; �
2
l�)

whose moments (��; �
2
�; �l�; �

2
l�) are treated as parameters to be estimated. Each

plant within the same �rm is assumed to have the same trend growth rate and

standard deviation of demand shocks. The values of �j and �j a¤ect the invest-

ment decision rule, so that the dynamic optimisation problem described in section

2 must be solved for each set of values. To make this computationally feasible,
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we discretise these distributions for �j and ln�j using the method developed by

Tauchen (1989).

To our knowledge, this is the �rst paper to allow for unobserved parameter

heterogeneity across �rms in the estimation of a structural investment model.

Given our emphasis on long run properties of the model, we simplify by treating

these parameters as constant over time. In contrast, Bloom (2009) allows the level

of demand uncertainty to vary over time, which allows him to study the e¤ects of

an increase in the level of uncertainty facing a given �rm.

3.3 Measurement Errors

We also allow for a rich structure of measurement errors in our empirical speci�ca-

tion. There are two main reasons for this. First, the measures of sales, operating

pro�ts, investment and capital available in company accounts do not correspond

exactly to the simulated quantities from our structural model.7 Second, allowing

for persistent measurement errors provides a computationally tractable way to

represent additional heterogeneity between �rms, beyond that which we allow for

in our speci�cation of the structural investment decision.

In the interest of parsimony, we introduce measurement error in the level of

sales and in the growth rate of the capital stock. We specify observed sales (Yjt =

PjtQjt) for �rm j in period t to be

Yjt = Y �jt exp(e
Y
jt)

eYjt = eY Tjt + e
Y P
j

7For example, sales may re�ect changes in inventories, as well as current production; oper-
ating pro�ts may re�ect components of capital adjustment costs that take the form of foregone
production or additional current inputs; investment spending is an aggregate over di¤erent types
of capital (equipment, structures, etc.) as well as di¤erent locations; and constructed measures
of in�ation-adjusted stocks of capital at replacement cost rely on starting values and assumed
depreciation rates which are certainly subject to errors.
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where Y �jt denotes the true level of sales, which we equate with the value of output

in our investment model, and eYjt represents a multiplicative measurement error

with a transitory component (eY Tjt ) and a permanent component (e
Y P
j ). Similarly

we specify the observed investment rate (ijt = Ijt=Kjt) for �rm j in period t to be

ijt = i�jt exp(e
I
jt)

eIjt = eITjt + e
IP
j

where i�jt denotes the true investment rate, which we equate with that in our

structural model. Note that this formulation preserves the sign of investment,

and that any observations with zero reported investment would be treated as true

zeros.

To complete the stochastic speci�cation, we assume that the measurement

error components eY Tjt ; e
Y P
j ; eITjt and e

IP
j are each drawn from independent normal

distributions with mean zero, i.e.

eZTjt � N(0; �2ZT ); eZPj � N(0; �2ZP ); for Z = Y; I:

The variance parameters �2Y T ; �
2
Y P ; �

2
IT and �

2
IP will be estimated in our empirical

analysis. We also investigate the sensitivity of our main results to assuming that

the measured variables correspond exactly to their counterparts in our structural

model.

4 Data and Estimation

We use �rm-level data for an unbalanced panel of 629 publicly traded UK man-

ufacturing companies. This is a sub-sample of the dataset used by Bloom, Bond

and Van Reenen (2007) to estimate the e¤ects of uncertainty on short run invest-

ment dynamics; we additionally require information on operating pro�ts, which
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is missing for 43 of the �rms in their full sample. These data are obtained from

the consolidated accounts of �rms listed on the UK stock market, as reported by

the Datastream online service. The sample covers �rms whose main activity is

within manufacturing, and for which at least four consecutive annual observations

are available between 1972 and 1991. The Datastream service has data back to

1968, but initial years are dropped to mitigate the impact of starting values on

perpetual inventory measures of the capital stock. The sample ends in 1991 due

to a change in the way that investment data is reported in UK company accounts.

We use data on four variables to construct the empirical moments used in the

estimation of our structural parameters. Data on sales (Yjt) and operating pro�ts

(�jt) are obtained directly from the company accounts. Data on investment (Ijt)

is measured as purchases minus sales of tangible �xed assets. A measure of the net

capital stock (Kjt) at replacement cost at the start of period t is constructed with

starting values based on the net book value of tangible �xed assets, updated each

period using the investment data and an assumed depreciation rate of 8%. The

data appendix provides further information on the construction of these variables

and the sample of �rms.

4.1 Method of Simulated Moments

We estimate the structural parameters of our investment model using the method

of simulated moments (MSM), proposed by Gouriéroux and Monfort (1996). This

approach has been standard in the recent literature on structural investment mod-
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els.8 Formally, the MSM estimator b� solves
b� = argmin

�

 b�D � 1

H

HX
h=1

b�Sh (�)
!0



 b�D � 1

H

HX
h=1

b�Sh (�)
!

(11)

where � is the vector of parameters to be estimated; b�D is a set of empirical

moments estimated from our data for UK manufacturing �rms; b�S (�) is a vector
of binding functions, producing the same set of moments for a simulated dataset

constructed using the parameter vector �; H is the number of simulated samples;

and 
 is a positive de�nite weight matrix, which we construct as the inverse of

the covariance of the empirical moments. The basic idea behind this estimator

is that changes in the structural parameters result in changes in the simulated

moments. The estimated parameter values are chosen as those for which the

simulated moments best match the empirical moments in the data, in this weighted

quadratic distance sense. We a simulated annealing algorithm to implement this

procedure.

We estimate 14 parameters in our baseline model: three parameters measuring

the magnitude of capital adjustment costs, i.e. quadratic adjustment costs (bq),

partial irreversibility (bi) and �xed adjustment costs (bf); two parameters mea-

suring the average level and the cross-section dispersion of demand uncertainty

facing �rms, as indexed by the log of the standard deviation of demand shocks

(�l� and �l�); the persistence of these demand shocks (�); two parameters mea-

suring the average level and the cross-section dispersion of the trend growth rate

of demand (�� and ��); two parameters characterising technology and demand,

i.e. the capital share in the production function (�) and the absolute value of

the price elasticity of demand ("); and four parameters measuring the magnitude

8Cooper and Haltiwanger (2006) and Bloom (2009) use MSM to estimate capital adjustment
costs; Cooper and Ejarque (2003) and Eberly, Rebelo and Vincent (2008) use MSM to evaluate
the Q-model; and Hennessy andWhited (2007) use MSM to estimate a model with costly external
�nance.
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of measurement errors in the data, i.e. the standard deviation of transitory and

permanent components of the measurement errors in the investment rate (�IT and

�IP ), and in sales (�Y T and �Y P ).

We impose values for two further parameters, the depreciation rate (�) and

the discount rate (r), which a¤ect the investment policy and capital accumulation

through the user cost of capital. For the depreciation rate, we impose the value

� = 0:08 to be consistent with the assumption used to construct the capital stock

measure in our empirical data. For the discount rate, we impose the value r = 0:09,

which is high enough to ensure that �rm values are �nite at the highest trend

growth rate for demand that we consider. In our baseline model, this can be

thought of as a real interest rate of around 3% plus an equity risk premium of

around 6%. We investigate the sensitivity of our results to this assumed value

for the discount rate, and in section 6.2 below we consider an extended model in

which the risk premium component of the discount rate is allowed to vary across

�rms with the level of uncertainty.

4.2 Empirical Moments

The three basic series obtained from our structural model are the �ows of sales

(Yjt), operating pro�ts (�jt) and investment (Ijt) in each period, with the stock

of capital at the start of each period (Kjt) derived by cumulating the investment

series. This gives three measures of the size of the �rm, namely sales, pro�ts and

capital. However the size of the �rm depends on additional parameters including

the level of TFP (A), the input prices (w; pM) and production function parameters

(�) for variable inputs, which we are not estimating and set to arbitrary values,

as well as the assumed number of plants for each �rm. We therefore focus on

moments for these three variables expressed either in the form of growth rates
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or as ratios, for which this normalisation is unimportant. These moments are

su¢ cient to identify the 14 structural parameters that we estimate in our baseline

model.

More speci�cally, we use the growth rate of real sales measured as �yjt =

lnYjt � lnYj;t�1, the investment rate ijt = Ijt=Kjt, and the ratio of real sales to

capital, measured as (y � k)jt = lnYjt � lnKjt. The latter serves as a proxy for

the marginal revenue product of capital, while the growth rate of real sales serves

as a proxy for demand shocks. We obtain 12 basic moments from the means,

standard deviations, autocorrelation coe¢ cients and cross-correlation coe¢ cients

of these three variables, calculated using all available �rm-year observations. For

each �rm, we also calculate the standard deviation of real sales growth, using

all available observations for that �rm, which serves as a proxy for the level of

uncertainty. The mean and standard deviation across �rms of this measure provide

informative moments for estimating the average level and cross-section dispersion

of the uncertainty variable in our structural model. We also use the correlation

across �rms between this uncertainty proxy and the mean value of the ratio of real

sales to capital (in logs), again calculated using all available observations for that

�rm. We further use the mean ratio of operating pro�ts to sales, which provides

additional information about the capital share and demand elasticity parameters,

which in�uence average pro�tability in our structural model.9 Finally we use the

proportions of �rm-year observations with investment rates above 0.2, below -0.01,

and less than 0.01 in absolute value, which serve as proxies for the frequency of

investment spikes, disinvestment and investment inaction respectively.

This gives a total of 19 empirical moments, whose estimated values and their

standard errors are reported in Table 1. Formally, a su¢ cient condition for lo-

9Our structural model generates no systematic heterogeneity in pro�tability, which is why
we consider only the mean of this ratio.
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cal identi�cation of the parameter vector � is that the Jacobian matrix J =h
@b�S0 �b�� =@�i has full row rank. We check that this condition holds at our

estimated parameters for each of the speci�cations reported below. Less formally,

we also con�rm that varying each of the parameters produces noticeable variation

in at least some of these moments, and that applying our estimation procedure to

simulated datasets, for which we know the true value of the parameters used to

generate the data, produces reasonable estimates of these parameters.

5 Empirical Results

5.1 Parameter estimates

Estimates of the structural parameters are presented in Table 2, and the corre-

sponding simulated moments are reported in Table A1 in Appendix 2. Column (1)

in Table 2 shows parameter estimates for our benchmark model in which we spec-

ify m = 10 plants across each �rm, a depreciation rate � = 0:08, and a discount

rate r = 0:09.

The quadratic adjustment cost parameter bq is estimated at 1:38. Imposing

this parameter to be zero results in a large increase in the minimised value of the

MSM criterion function, and on this basis we can reject the hypothesis that bq = 0.

The point estimate is large enough to imply important costs associated with high

investment rates. Evaluated at the sample average, the quadratic component of

adjustment costs is about 4.5% of operating pro�ts. Consequently, �rms will

generally prefer to spread out a planned capital adjustment over several periods

in order to keep adjustment costs in each period low. This is consistent with the

high serial correlation in investment rates observed in the data (see Table 1). A

corollary is that a high variance in the demand shocks will result in substantial

capital adjustment costs, with implications for long run capital accumulation that
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we illustrate in the next section. Our estimate of bq is within the range of results

reported by Eberly, Rebelo and Vincent (2008), but considerably higher than those

obtained by Cooper and Haltiwanger (2006) and Bloom (2009).

We also �nd evidence for a signi�cant degree of partial irreversibility. Our

point estimate of bi implies that newly purchased capital goods immediately lose

17% of their resale value. This is su¢ cient to induce cautious behaviour amongst

potential investors ex ante, and a more muted response of investment to positive

demand shocks in the short term (Bloom, 2009). We can however reject the

hypothesis that irreversibility is complete (bi = 1:0).

We �nd weaker evidence for �xed adjustment costs. Our point estimate implies

that the cost of undertaking any non-zero investment (or disinvestment) is 0.9% of

operating pro�ts, and the minimised value of the MSM criterion function changes

little if we impose the restriction that bf = 0. However we can note that if we

impose the restriction of no irreversibility, the estimate of bf then becomes larger

and more signi�cant, suggesting that at least one form of non-convex adjustment

costs is needed to match some features of our sample data.

The estimated capital parameter in the production function (�) is 0:08, which

is in line with evidence from cost data for the share of capital in gross output. We

�nd a notably high estimate of the price elasticity of demand ("), suggesting a low

mark-up and limited market power. This re�ects low pro�tability of UK companies

during our sample period, which includes the two oil crises in the 1970s and the

deep recession at the start of the 1980s. It would also be desirable to allow for

further heterogeneity across �rms and sectors in relation to this parameter. Our

estimates of � and " imply that the capital coe¢ cient (1 � ) in the operating

pro�t function is around 0.66.

We estimate a very high degree of persistence in the demand shocks, with the
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point estimate reported being at the upper boundary of the range of values we can

consider for this parameter. Given the importance of the quadratic component

of our estimated adjustment cost function, persistent demand shocks are required

to rationalise the observed correlation between investment rates and sales growth

rates.

Our estimate of the trend growth rate for an average �rm appears reasonable

for this sample, at just under 2% per annum. We also �nd strong evidence of

substantial heterogeneity, both in trend growth rates and in the variance of de-

mand shocks. Importantly we �nd a marked deterioration in the �t of the model

if we impose the restriction that these parameters are common to all �rms. No-

tably, a speci�cation with a homogeneous trend growth rate does not match well

the observed degree of serial correlation in the rates of investment and real sales

growth, and also results in a much higher estimate of the quadratic adjustment

cost parameter (bq).

Three of four types of measurement errors we consider in our baseline speci�ca-

tion are found to be highly signi�cant. Setting these parameters to zero results in a

much higher value of the MSM criterion function, as well as higher estimates of the

adjustment cost parameters. One reason for the latter result is that, absent mea-

surement errors, the present parameter estimates tend to imply cross-correlations

between simulated variables which are too high compared with their empirical

counterparts. To compensate, the speci�cation without measurement errors gen-

erates higher estimates for adjustment costs, which in turn leads to too much

serial correlation in investment rates, and too little dispersion in investment rates

and the capital-to-sales ratio. Obtaining a reasonable �t for all these moments

simultaneously is not possible with our model unless we allow for measurement

errors.
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Aggregation is an important general issue in this type of analysis. Evidence of

investment inaction is found in data for plants and small �rms,10 but observations

with zero investment are completely absent from our annual data for publicly

traded UK companies. Cooper and Haltiwanger (2006) also show that empirical

moments obtained from more aggregated data tend to be consistent with the

predictions of models with high quadratic adjustment costs, low �xed adjustment

costs, and little or no irreversibility. For these reasons we follow Bloom (2009)

in treating the annual data on large companies not as the outcome of a single

investment decision in each period, but as the sum of multiple investment decisions

made at di¤erent plants (or production units) within the same �rm.

Columns (2)-(4) of Table 2 explore the sensitivity of our results to the main-

tained assumption that each �rm operates 10 plants (m = 10). Column (2) shows

the estimated parameters for a speci�cation which allows for no aggregation over

multiple plants. Consistent with the �ndings of Cooper and Haltiwanger (2006),

this speci�cation indicates much higher quadratic adjustment costs and no non-

convex adjustment costs. However this model �ts the sample moments notably

less well than our baseline model with m = 10. Columns (3) and (4) indicate that

broadly similar results would be obtained if we imposed the number of plants per

�rm to be 5 or 15. There is a clear pattern, in that allowing for more smoothing of

the simulated data through aggregation results in higher estimates of the degree

of irreversibility and lower estimates of the quadratic adjustment cost parameter

(bq). The �t of this model to our sample data starts to deteriorate as we increase

the number of plants per �rm to 15, and becomes worse as we increase this number

further.11

10Doms and Dunne (1998); Anti Nilsen and Schiantarelli (2003).
11Bloom (2009) assumes that each �rm operates 250 plants, but his speci�cation di¤ers from

ours in allowing correlated demand shocks for di¤erent plants within the same �rm. Bloom�s
sample also contains data on larger companies than ours, with the median number of employees
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Columns (5) and (6) of Table 2 explore the sensitivity of our results to the value

imposed for the discount rate (r = 0:09). Estimated parameters are shown for two

alternative speci�cations in which the discount rate is imposed to be 0.075 and 0.11

respectively. The results for the lower discount rate suggest higher quadratic and

�xed adjustment costs and a lower degree of irreversibility. However the minimised

value of the MSM criterion function is higher for this speci�cation. The results

for the higher discount rate are very similar to those for our baseline case.

5.2 Long run e¤ects of di¤erent levels of uncertainty

We now present the results of counterfactual simulations to investigate how the

level of demand uncertainty a¤ects the average or expected level of the capital

stocks used by �rms in the long run.

Based on the baseline parameter estimates reported in Table 2, column (1), we

simulate optimal investment decisions and track capital accumulation for a large

panel of �rms over a long time period t = 1; 2; :::; T , and compute the expected long

run capital stock as the average �rm-level capital stock in the �nal period T . We

then repeat this exercise for alternative values of the mean demand uncertainty

parameter (�l�), keeping all other parameters at their estimated values. Given

our speci�cation, an increase in �l� by 0.1 corresponds (approximately) to a 10%

increase in the standard deviation of demand shocks for each plant and each �rm.

Normalizing the average capital stock level to unity at the baseline value for the

mean level of uncertainty (mean � = 0:66), we show the results in Figure 1.

We �nd that �rms choose to accumulate substantially less capital in environments

where they face a higher level of uncertainty. A permanent increase in the standard

deviation of demand shocks by 10% reduces average capital stocks by about 20%

in the long run.

reported to be 3,450, compared to 1,100 in our sample.
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The e¤ect of uncertainty on long run capital documented in Figure 1 works

mainly through the quadratic adjustment costs channel highlighted by Bond,

Söderbom and Wu (2011). Our baseline speci�cation assumes risk neutral �rms,

and adopts an operating pro�t function in which there is no Hartman-Abel e¤ect

of higher uncertainty on the demand for capital, working through convexity or

concavity of the marginal revenue product of capital (MRPK) in the stochastic

demand parameter (Xt). There could be concern that we seriously over-estimate or

under-estimate the negative e¤ect of higher uncertainty on long run capital stock

levels as a result of these restrictive features. In the next section we investigate

how our �ndings change if we generalize the model and relax these assumptions.

6 Extensions

6.1 Hartman-Abel e¤ect

The operating pro�t function in our baseline model is speci�ed as hX
t
bK1�
t . This

implies that MRPK is linear in stochastic demand (Xt). In this model a mean-

preserving change in the variance of Xt will not impact expected MRPK, which

implies there will be no e¤ect of uncertainty on investment operating through

expected future MRPK.

Given our functional form assumptions, this follows from treating total fac-

tor productivity (A) as constant and demand as stochastic. If instead we were to

treat demand as constant and total factor productivity as stochastic, the operating

pro�t function would take the form hAt(Kt + It)
1�. In this alternative speci�-

cation, MRPK is convex in At, provided the absolute value of the price elasticity

of demand (") is greater than two. In this case a mean-preserving increase in the

variance of At would raise the expected MRPK (Jensen�s inequality), resulting in

higher investment in the short term, and higher capital stocks in the long term.
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This is known as the Hartman-Abel e¤ect of uncertainty on investment or the

demand for capital.

Ideally we would like to allow for both demand and total factor productivity

to be uncertain, and estimate the importance of this Hartman-Abel e¤ect. This

becomes feasible if we assume that the logarithms of demand (xt = lnXt) and

total factor productivity (at = lnAt) both follow the trend stationary stochastic

process speci�ed for xt in equation (2) above, with the same serial correlation

parameter (�), and independent innovations.

To motivate this, recall the expression for the multiplicative constant h in our

operating pro�t function:

h = (�A)("�1) bw1�"("� 1)"�1(")�":
Now relax the assumption that A is constant and re-write the operating pro�t

function as

h1A
("�1)
t X

t
bK1�
t ;

where h1 = hA
(1�")
t . De�ning the composite stochastic index Zt as

Zt = XtA
"�1
t ;

which is convex in At for values of the demand elasticity (") greater than two, the

operating pro�t function can be written as:

h1Z

t
bK1�
t

Provided that the composite stochastic term Zt has the same trend stationary

process speci�ed for demand in equation (2), this investment model can clearly be

solved using the same methods adopted for our baseline speci�cation with only
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demand uncertainty. If we assume that:

at = lnAt = ca + �at+ �
a
t ;

�at = ��at�1 + e
a
t ;

eat � iid N
�
0, �2a

�
;

with the same serial correlation parameter (�) for both demand and productivity,

and independent demand and productivity innovations, it can then be shown

that:12

zt = lnZt = cz + �zt+ �
z
t ;

�zt = ��zt�1 + e
z
t ;

ezt � iid N
�
0, �2z

�
;

with

cz = cx + ("� 1)ca

�z = �x + ("� 1)�a

and

�2z = �
2
x + ("� 1)2�2a:

In this extended model, the strength of the Hartman-Abel e¤ect of uncertainty

on the demand for capital depends on the relative contribution of the variance of

total factor productivity shocks (�2a) to the variance of the composite shocks (�
2
z).

We de�ne the additional parameter:

� =
�2x
�2z

as the share of total uncertainty attributable to demand uncertainty in this ex-

tended model. If � = 1 there is only demand uncertainty and no Hartman-Abel
12See appendix (to follow).
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e¤ect, as in our baseline model. If � = 0 there is only uncertainty about future

levels of total factor productivity, in which case there is a positive Hartman-Abel

e¤ect (provided the demand elasticity " is greater than two).

The counterfactual simulations shown in Figure 1 are obtained under the as-

sumption that � = 1, i.e. that there is no Hartman-Abel e¤ect. If in fact � < 1,

these simulations could over-estimate the negative e¤ect of uncertainty on long

run capital accumulation. To shed some light on whether this is likely to be an

important problem, we now consider estimation of the additional parameter � in

this extended model.

None of the moments used to estimate the parameters in our baseline model

are functions of � . In one way this is reassuring, since it implies none of our

baseline parameters would be any di¤erent if � < 1. But this also implies that

we need to look for additional moments in order to identify � . Unfortunately,

we �nd that identi�cation of � requires the use of moments based on the level

of one or more of our �rm-size variables (recall that all moments considered in

Table 1 are either expressed as growth rates or ratios). At least with our Cobb

Douglas/isoelastic functional forms for production and demand, there is essentially

the same Hartman-Abel e¤ect of uncertainty on the demand for labour, and all

other inputs, as on the demand for capital, and hence no Hartman-Abel e¤ect of

uncertainty on ratios such as K=L or K=Y .

We estimate � by matching the correlations between our proxy for uncertainty

(within-�rm standard deviation of real sales growth) and �rm size, measured by

K and Y . As we now use the level of these variables, it is important that we

also allow for unobserved heterogeneity in �rm size. We treat the multiplicative

term (h1) in the operating pro�t function as a random draw from an underlying

Normal distribution, and use the sample means and standard deviations of K and
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Y to identify the mean and standard deviation parameters in this �rm-size het-

erogeneity distribution. These additional sample moments are reported in Table

3.

In order to estimate � , and the �rst and second moments of this distribution

for h1, we �x all parameters of our baseline model at their estimated values shown

in Table 2, column (1), and match only the �ve moments shown in Table 3. Esti-

mation results for the additional parameters of this extended model are presented

in Table 4, and the corresponding simulated moments are shown in Table A2 in

Appendix 2. Column (1) in Table 2 shows parameter estimates for our baseline

assumptions with m = 10 plants per �rm and a discount rate r = 0:09. Columns

(2)-(6) show results for alternative assumptions in which we vary m and r in the

same way as in Table 2.

In all cases it is striking that the estimates of � hit the upper limit of unity.13

For this speci�cation, we thus �nd no evidence of an important Hartman-Abel

e¤ect of uncertainty on the demand for capital. Thus, the relationship between

uncertainty and capital accumulation illustrated in Figure 1 appears robust to

generalizing the functional form of the operating pro�t function along the lines

considered here.

6.2 Risk averse �rms

One moment that our baseline model does not match well is the correlation be-

tween our proxy for uncertainty and the capital-sales ratio. This correlation is

negative in the data for UK manufacturing �rms, however the simulated correla-

tion is positive in all versions of our model (see Table A1). One possible reason

why the capital-sales ratio is negatively correlated with our uncertainty proxy in

13The reason for this is that, although the correlations between �rm size and our �rm-level
proxy for uncertainty were not used in parameter estimation, our estimates of the baseline models
which impose � = 1 in fact �t these correlations in the data very well.
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the data is that managers of �rms with more volatile or uncertain sales growth

perceive that they require a higher rate of return, and hence that they face a higher

cost of capital. This should not be the case if managers are acting to maximise the

wealth of their shareholders and if shareholders can fully diversify idiosyncratic

risk. Nevertheless we explore a simple generalization of our investment model

which allows for the possibility of such a risk premium component in the discount

rate (r).

We specify the discount rate for �rm j to be a linear function of the variance

of the stochastic (demand and/or productivity) shocks for �rm j:

rj = r + ��
2
j ;

where � is a parameter equal to zero under the null hypothesis that markets are

complete, shareholders are fully diversi�ed, and managers seek to maximise the

market valuation of �rms; and possibly positive if one of these conditions is not

met and shareholders or managers care about idiosyncratic risk.

Results for the baseline model with this risk premium component incorporated

in the speci�cation are shown in Table 5, and counterfactual simulations of the

e¤ect of uncertainty on long run capital stock levels are shown in Figure 2. Here

we impose r = 0:03, representing a risk-free real interest rate. We estimate � to

be positive (0.14), and reject the restriction that � = 0. This suggests that higher

uncertainty about revenue growth for individual �rms is associated with a higher

discount rate, perhaps because managers or executives are signi�cantly exposed

to �rm-speci�c risk.14 As expected, we now match the negative correlation in the

data between the standard deviation of sales growth rates and the capital-sales

ratio much better (see the �nal column of Table A1).

14Himmelberg, Hubbard and Love (2002) present an interesting principal-agent model with
investment, in which this outcome results from incentive contracts for executive compensation.
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There are few important changes in the estimates of the remaining parame-

ters of the model. However the estimate of � is somewhat lower than previously

(0.88), suggesting a modest positive Hartman-Abel e¤ect of uncertainty on the

demand for capital when we allow for this risk premium component of the dis-

count rate used to evaluate investment decisions. How does this a¤ect the long

run relationship between uncertainty and capital accumulation? Figure 2 repeats

the counterfactual simulation exercise presented in Figure 1, using the estimated

parameters reported in Table 5. If anything, the negative e¤ect of a permanently

higher level of uncertainty on capital stock levels is slightly stronger in this most

general speci�cation of our model than in the baseline speci�cation. The reason is

that the negative e¤ect of uncertainty on the demand for capital operating through

the risk premium component of the discount rate more than o¤sets the positive

Hartman-Abel e¤ect in these results.

7 Conclusions

In an earlier paper (Bond, Söderbom and Wu, 2011) we noted that strictly con-

vex adjustment costs provide a potentially important channel through which a

higher level of uncertainty may reduce average capital stock levels in the long run.

Our estimates of a structural investment model suggest that this channel may be

empirically relevant. In particular, we have emphasised the importance of allow-

ing for richer forms of unobserved heterogeneity between �rms than has typically

been considered in the prior literature. A key reason is to avoid attributing to

quadratic adjustment costs features of the investment data which could be due

to di¤erences across �rms in, for example, trend growth rates. Following Bloom

(2009), we treat annual investment data for large �rms as being aggregated over

multiple investment decisions within the company for the same reason. Neverthe-
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less, counterfactual simulations using our estimated models suggest that a lower

level of uncertainty in their operating environments would induce �rms to operate

with substantially higher levels of capital.
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Figure 1 
Uncertainty and Long Run Capital Accumulation:  

Counterfactual Simulations Based on Baseline Model 

Note: The simulations are based on the parameter estimates shown in Table 2, column 1. 
 



Figure 2 
Uncertainty and Long Run Capital Accumulation:  

Counterfactual Simulations Based on Risk Premium Model  

Note: The simulations are based on the parameter estimates shown in Table 5. 
 

 
  



 

Table 1  
Sample Moments for Baseline Model 

Symbol Moments s.e. Definition 
    

,

 

 0.1108 0.0022 mean of profit-to-sales ratio 

,

 

0.1246 0.0027 mean of investment rate 

, 0.0292 0.0022 mean of sales growth rate 

,  

 

-0.7886 0.0223 mean of log capital-to-sales ratio 

 

0.1198 0.0019 BG mean of WG s.d. of sales growth rates 

,

 

0.1260 0.0036 standard deviation of investment rate 

,

 

0.1337 0.0020 standard deviation of sales growth rate 

,

 

0.5672 0.0191 standard deviation of log capital-to-sales ratio 

,  

0.0467 0.0014 BG s.d. of WG s.d. of sales growth rates 

, , 0.3916 0.0236 serial correlation of investment rate 

, , ,  

 

0.1958 0.0155 serial correlation of sales growth rate 

, , ,

,

0.9679 0.0027 serial correlation of log sales-to-capital ratio 

, ,  

,  

0.3971 0.0155 corr. btw. investment rate & sales growth rate 

, , 0.1356 0.0212 corr. btw. investment rate & log sales-to-capital ratio 

, , ,  

 

0.1438 0.0167 corr. btw. sales growth rate & log sales-to-capital ratio 

, -0.1021 0.0459 corr. btw. BG capital-to-sales ratio & measure of uncertainty 

, 0.2  0.1533 0.0071 proportion of investment spikes 

| , | 0.01  

, 0.01  

0.0266 0.0024 proportion of investment inaction 

0.0239 0.0022 proportion of disinvestment 

 

  



 

Table 2 
MSM Estimates of Structural Parameters 

  (1) (2) (3) (4) (5) (6) 
          
Adjustment Costs        

Quadratic costs 

 
 
 1.384 2.595 1.398 0.852 1.512 1.280 

Partial irreversibility 0.172 0.000 0.106 0.286 0.098 0.202 
Fixed costs 

 

0.009 0.000 0.000 0.001 0.033 0.007 
Technology & Demand        

Capital share  
 

0.081 0.086 0.081 0.076 0.080 0.085 
Demand elasticity  24.69 29.81 25.38 22.49 24.24 25.84 
Serial corr of shocks(1) 

 

 0.950 0.930 0.948 0.949 0.948 0.950 
Stochastic Process        

Average growth rate  
 
 

0.019 0.020 0.019 0.020 0.020 0.019 
SD growth rates 

 

0.038 0.034 0.027 0.044 0.040 0.035 
Average log uncertainty  -0.412 -1.040 -0.626 -0.368 -0.425 -0.381 
SD log uncertainty 

 

0.226 0.349 0.246 0.220 0.231 0.223 
Measurement Errors        

SD transitory m. errors in 
investment rates 

 

0.529 0.536 0.524 0.540 0.524 0.526 

SD permanent measurement 
errors in investment rates 

 

0.213 0.206 0.257 0.199 0.212 0.227 

SD transitory measurement 
errors in sales 

 

0.0003 0.0011 0.0001 0.0001 0.0000 0.0000 

SD permanent measurement 
errors in sales 

0.565 0.554 0.578 0.566 0.563 0.567 

         
Number of plants per firm (m)   10 1 5 15 10 10 
Discount rate (r)  0.09 0.09 0.09 0.09 0.075 0.11 
Criterion value   111.3 148 130.8 117.2 117.2 113.8 
Degrees of Freedom  5 5 5 5 5 5 
        

The moments matched are shown in Table 1. 
(1) We impose an upper bound of 0.95 on this parameter. 
  



 

Table 3 
 Levels Moments for Identification of Hartman-Abel Effect 

Symbol Moments s.e. Definition 

,  0.0862 0.0151 mean of capital stock 

,

 

 0.1591 0.0200 mean of sales 

,

 

0.3780 0.1037 standard deviation of capital stock 

,

,

0.5423 0.0972 standard deviation of sales 

, ,  

 

0.8760 0.0243 corr. btw. capital stock & sales 

,

,  

-0.1031 0.0325 corr. btw. BG capital stock & measure of uncertainty 

-0.1153 0.0332 corr. btw. BG sales & measure of uncertainty 

 

  



Table 4 
Tests for Hartman-Abel Effects 

  (1) (2) (3) (4) (5) (6) 
          
Hartman-Abel Effect        

Curvature parameter  1.000 0.997 1.000 1.000 1.000 1.000 
Profitability         

Average    -16.857 -17.230 -17.154 -16.714 -16.958 -16.890 
SD  1.115 0.899 0.889 0.995 1.106 1.129 

         
Number of plants per firm (m)   10 1 5 15 10 10 
Discount rate (r)  0.09 0.09 0.09 0.09 0.075 0.11 
Criterion value  4.4 4.4 4.4 4.4 4.4 4.4 
Degrees of Freedom  5 5 5 5 5 5 
        

The moments matched are shown in Table 3. 

 
 

 



Table 5  
Risk Premium Model: Parameter Estimates 

 (1) (2) 
 Core parameters 

(step 1) 
Auxiliary parameters 

(step 2) 
   
 

 

  
0.135  

 

1.311  

 

0.212  
0.013  
0.082  

 

25.10  
0.949  

 
0.019  
0.037  

 

-0.399  
0.215  

 

0.529  
0.217  
0.000  
0.556  

 0.884 
  -17.28 
  1.142 

    
Moments matched As listed in Table 1 As listed in Table 3 
Criterion value 103.4 2.9 
Degrees of Freedom 5 4 
H0: θ=0 (no risk premium; p-value)(a) 0.00  
(a) Constructed by subtracting the minimized value of the criterion function for the risk premium model 
from that of the benchmark model (Table 2, col. 1). Under the null hypothesis, the resulting test statistic 
follows a chi-squared distribution with one degree of freedom. 

  

 



 

 

APPENDIX 1: DATA 
 
Note (November 2011): To be revised!  
 
Sampling 
The dataset used in this chapter is from Bloom, Bond and Van Reenen (2007). The 
original sample contains firm-level data for an unbalanced panel of 672 firms between 
1972 and 1991. These company data are taken from the consolidated accounts of 
manufacturing firms listed on the U.K. stock market and are obtained from the 
Datastream on-line service. 
 
Definition of Variables 

• Define I = total new fixed assets (DS435) less sales of fixed assets (DS423). 
• Define K=constructed by applying a perpetual inventory procedure with a 

depreciation rate of 8%. The starting value was based on the net book value of 
tangible fixed capital assets (DS339) in the first observation within sample 
period. 

• Define Y = total sales (DS104). 
• Define PI = profit before interest, taxation and depreciation (DS137+DS136). 

This information is missing for 43 firms in the original sample so that we finally 
use a sample consisted of 629 firms. 

 
Cleaning Rules 

• Bloom, Bond and Van Reenen (2007) have deleted firms with less than three 
consecutive observations, broke the series for firms where accounting periods fell 
outside the range 300 to 400 days (due to changes in year ends), and excluded 
observations for firms where there are jumps of greater than 150% in any of the 
basic variables. In addition, we further clean the sample in following steps.  

• Deflate the capital stock series by the aggregate series for investment goods 
prices (INJJ/INKL from the Office of National Statistics)  

• Deflate the sales series by the aggregate GDP deflator (YBMA/ABMI from the 
Office of National Statistics) 

• Convert the values of capital stock and sales into constant price of year 1982 and 
divide these two series by 1000000. 

• Rule out investment rate less than -1 or larger than 1. This deletes 18 observations 
from the original sample. 

• Rule out top and bottom 1% observations for sales growth rate. This further 
deletes 120 observations from the original sample. 

 



APPENDIX 2: REAL AND SIMULATED MOMENTS 

Table A.1.1. Real and Simulated Moments Associated with Core Parameter Estimates   

 Real 
moments 

Simulated moments 

 Table 1 Table 2:1 Table 2:2 Table 2:3 Table 2:4 Table 2:5 Table 2:6 Table 5:1 
 

,  

 Baseline m=1 m=5 m=15 r =0.075 r =0.11 Risk 
premium 

0.1108 0.1097 0.1091 0.1105 0.1110 0.1058 0.1124 0.1101 
,  0.1246 0.1288 0.1303 0.1298 0.1293 0.1298 0.1292 0.1284 
,  0.0292 0.0192 0.0202 0.0201 0.0195 0.0201 0.0193 0.0188 
,  -0.7886 -0.7756 -0.7754 -0.7859 -0.7930 -0.7559 -0.8116 -0.7727 

 0.1198 0.1183 0.1172 0.1185 0.1182 0.1182 0.1179 0.1186 
,  0.1260 0.1183 0.1174 0.1199 0.1202 0.1187 0.1193 0.1191 
,  0.1337 0.1323 0.1325 0.1318 0.1323 0.1323 0.1315 0.1325 
,  0.5672 0.5863 0.5869 0.5916 0.5874 0.5840 0.5874 0.5876 

 0.0467 0.0467 0.0474 0.0469 0.0466 0.0465 0.0464 0.0469 
, , ,  0.3916 0.3913 0.3943 0.4022 0.3862 0.3925 0.3929 0.3898 
, , ,  
, , ,  

0.1958 0.1136 0.1204 0.1136 0.1129 0.1147 0.1162 0.1146 
0.9679 0.9753 0.9757 0.9754 0.9755 0.9751 0.9754 0.9752 

, , ,  
, , ,  

0.3971 0.4095 0.4022 0.4177 0.4236 0.4156 0.4157 0.4163 
0.1356 0.1906 0.2233 0.1939 0.1920 0.1857 0.1918 0.1917 

, , ,  
,  

0.1438 0.2173 0.2412 0.2278 0.2181 0.2148 0.2186 0.2189 
-0.1021 0.0254 0.0180 0.0361 0.0346 0.0267 0.0255 -0.1169 

, 0.2  
| , | 0.01

0.1533 0.0230 0.1877 0.1869 0.1865 0.1901 0.1866 0.1845 
 

, 0.01  
0.0266 0.0284 0.0295 0.0285 0.0293 0.0284 0.0283 0.0275 
0.0239 0.1860 0.0245 0.0232 0.0232 0.0237 0.0238 0.0230 

  

 



 

Table A.1.2 Real and Simulated Levels Moments 

 Real 
moments 

Table  
4:1 

Table 
4:2 

Table 
4:3 

Table 
4:4 

Table 
4:5 

Table 
5:2 

  Baseline m=1 m=5 m=15 r =0.075 Risk 
premium 

  
,  0.0658 0.0675 0.0638 0.0646 0.0674 0.0630 0.0693 
,  0.1727 0.1724 0.1733 0.1807 0.1831 0.1747 0.1677 

,  0.2298 0.2336 0.2248 0.1501 0.1398 0.1789 0.2740 
,  

, ,

0.5925 0.5892 0.5941 0.5554 0.4968 0.5887 0.6074 
,  
,  

0.8759 0.8747 0.8784 0.8379 0.8102 0.8627 0.8806 
-0.1003 -0.0982 -0.1033 -0.0410 -0.0889 -0.1073 -0.1175 

,  -0.0977 -0.0948 -0.1020 -0.0295 -0.0619 -0.0943 -0.1086 
  

 

 




