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UNPACKING THE BLACK BOX:
an econometric analysis of investment strategies neal world firms

by Michelle Baddeley
1. Introduction

In mainstream microeconomic theory, conventionalbl&®ouglas production
functions capture firm activity as taking placehwita black box (Cobb and Douglas,
1928); here the focus is on the combinations atative costs of the capital and
labour factor inputs and the consequent output,ef@mple as analysed in input-
output analysis. In this approach, the mechanisimsvestment decision-making are
not central to the theories of investment and pectidn. More recent research has,
however, started to focus on some of these undgrlgnechanisms of decision-
making and expectations formation, for example \ilith development of q theories
of investment. In this paper, these ideas are dped to assess whether or not real
world business managers behave as postulated I theorists. Do businesses
adopt forward-looking approaches based around cammplathematical techniques
(referred to here as the ‘algorithmic approach’florthey prefer to use simple rules of
thumb (referred to here as the ‘heuristic appro&ctWhich approach is more
effective?

The aim of this paper is to answer these quesbgranalysing survey evidence from
a sample of Cambridgeshire manufacturing firmsSégetion 2, some theories of the
firm are presented as a benchmark; in Section &ettare linked into real world

business investment appraisal techniques with @uskson of the associated
assumptions about rationality. In Section 4, somn®ey evidence is presented and
analysed using basic statistical tests with mogerdus econometric ordered Probit
models being presented in Section 5. In Sectiosoée of the behavioural models
developed from the survey evidence are used tolaienthe performance of business
predictive approaches. Section 6 presents soméustmaes and policy implications.

2. Fixed Asset Investment Theory

Neo-classical theories of the firm take as thairtstg point the Cobb Douglas
production function (CDPF), incorporating constasturns to scale:

Y = AK LT, (1)

where Y is output, A captures the current stateedinology, K is capital input, L is
labour inputa is the elasticity of output with respect to calpéiad u is a

multiplicative stochastic disturbance term. Thelevice presented later is cross-
sectional evidence taken as a snap-shot in timdaarttlis reason A can be assumed
here to be constant. Jorgenson (1963) uses the @DRfe basis for his theory of
fixed asset investment decision-making: profit masing firms will invest to the

point where the relative cost of capital (knowrles‘user cost’ of capital) is equal to
the marginal productivity of capital. Jorgensomslgsis incorporates a number of
simplifying assumptions— the most relevant in tustext being the assumption of
static expectations; effectively, in his model famho not think about the future except



to assume that things will not change. His analyfectively focuses on the
determinate parts of the CDPF — the inputs of ehpitd labour. Jorgensonian
investment theorists developing this static appno@glect in their analysis two
aspects of investment decisions: first, how unagsgtand expectations about the
future affect decision-making strategies; and sdctre psychological, non-
deterministic factors. These factors are effegficaptured within the stochastic
disturbance term of (1),.t

3. Real world investment appraisal processes

Jorgenson’s model can be used as a basis for ineastppraisal techniques
used by real world businesses. In a world of s@atectations and no uncertainty, net
present value (NPV) can be deduced from the CDH#h Mé uncertainty and no
change, the NPV is just the discounted stream péebed future marginal products of
capital derivable from the CDPF, net of factor sost an uncertain world but one
which is characterised by efficient financial maskand rational expectations, the
approach can be extended to capture expectati®insgetheories of investment; for
example, Brainard and Tobin (1977) (following Keyri®36; 1937), Hayashi (1982)
and Abel (1983). In essence, g theories use tlok starket to give a proxy for the
net present value (NPV) of an expected streamvideiids and profits. NPV
techniques are of course commonly used in realdvovestment appraisal. Given
that NPV is claimed to be an objective basis feestment decisions tying in with the
rational maximising approach of Jorgenson’s investintheory, why is that
businesses get fixed asset investment decisionsgamopractice? One explanation is
that misjudgements emerge at one or more of tlee tkey stages of the investment
decision-making process: gathering informationgdio®ng future events (e.g. likely
sales) and investment project appraisal. At e&these stages businesses may make
mistakes: information may be missing or misintetgae information may be
processed inefficiently to give misleading preding; if inappropriate appraisal
techniques are used, even accurate predictiondeaysused.

In analysing these difficulties in investment dexismaking, it is useful to
make an analytical distinction between the two trgeoups of hypotheses about how
businesses behave and react: the *algorithmic @gpi@nd the ‘heuristic approach’.
The differences between these approaches can leestmod in terms of Simon’s
(1979) distinction betweesubstantive rationalitgndprocedural rationality

3.1  Models of rationality

Substantive Rationality and the Algorithmic Apprieac

Simon definesubstantive rationalitys focusing on the achievement of
objective goals given constraints (Simon, 197% 7). If businesses are substantively
rational, then they will form quantifiable expeatais of the future and will decide
about fixed asset investment using constrainedrogdtion techniques. In other
words they will usalgorithms i.e. clear mathematical rules using discountesthca
flow (DCF) methods such as NPV and internal rafegtirn (IRR) incorporating
inter-temporal preferences as captured by discaies.

Algorithmic approaches assume that investors, usi@game information set,
will form identical expectations centred about somhgective probability distribution
of outcomes. They will be forward looking in incomating a rate of time preference
(i.e. discount rate) into their investment appraisahniques. Thus the substantively



rational investor will be operating in a manner sEistent with Jorgensonsian
investment theory. If these methods are used dtyrethen the firm will be
optimising some objective function, given constigiand investment will take place
to the point at which the manager maximises hisfivefits, i.e. by undertaking all
investments with an NPV greater than or equal tdh& discount rate used to derive
the NPV calculations will be equal to the real aoigborrowing.

This behavioural hypothesis can be linked to cotweal ‘q’ or valuation
ratio algorithms in which market capitalisations foms are balanced against the
current replacement cost of a firm’s capital stoBksuming an efficient markets
hypothesis, a substantively rational investor wowdsume that stock market
valuations are an unbiased measure of the discdstrigam of expected future profits
from the productive capacity of a firm.

Algorithmic approaches are outlined in detail imeentional analyses of fixed
asset investment activity, e.g.: Jorgenson (1963)ewm-classical theory; Abel (1983)
amongst others on g theory; and Dixit & Pindyck94§ Pindyck (1991) amongst
others, on real options theories. Despite somereifices in analysis, these
approaches can be understood as refinements animngs basic model with each
refinement incorporating more thorough and complegroaches to the analysis of
expectations and uncertainty into a basic modsubktantively rational profit
maximizing firms.

Procedural Rationality, Heuristics and Rules of T

Simon (1979, p. 68) responds to the mathematicaragezhes subsumed
within the substantively rational approaches oforal behaviour by arguing that
economic decisions are often the product of a ‘pdacally rational’ process.
Procedurally rational behaviour is based on a breadoning process rather than the
achievement of given representative agent’'s go8ksngn, 1979, p. 68). The
behaviour of the procedurally rational investogisded by ‘appropriate deliberation’
and does not involve the optimisation of some dbjecfunction in the face of
constraints. Developing this idea to the investmeontext, procedurally rational
investors will use common sense rather than compilaihematical techniques in
assessing investment plans. This implies that réfffeinvestors, faced with the same
information may form different expectations reflagtarbitrarily assigned margins of
error. It is not necessarily the case that theserrcancel out becausaimetic
heuristics (devices such as herding and following the crowdiclv were first
hypothesised by Keynes, 1930, 1936, 1937 and tieeloped by Scharfstein and
Stein, 1990, amongst others) will form part of siveent appraisal tool-kits. Whilst
these heuristic devices are procedurally ratiomlaéy may, nonetheless, foster
systematic mistakes and encourage path dependency.

Simon’s concepts can be applied in analysing aggto@lly rational investor
operating in a world of bounded rationality in wiihe sensible application of clear
and objective mathematical rules will be imposshi¥eause the existence of
immeasurable uncertainty precludes the quantificadif probabilities of future
events. Businesses will be forced to rely on appatgdeliberation by doing the best
that they can, given the circumstances. They w#l simpleheuristics(or common-
sense rule of thumb based on experience) in decwdirether or not to invest in
particular projects. For example, a proceduralipral firm will use payback period
(PBP) or accounting rate of return (ARR) appraieahniques which are based



around simple assumptions about likely future evand do not require DCF method
— as explained in the following sections.

3.2  Expectations Formation

In either the substantive or the procedural apgrosome assumption or
hypothesis must be formed to explain why and hosirasses predict the future.
Understanding the differences in hypotheses abxqeatation formation is essential
to understanding the differences between the suibsteand procedural approaches.
A key constraint on investment decision-makindes éxistence of uncertainty about
the future; investment decision-making is fallileen it is difficult to form clear,
reliable predictions of future events. Predictisparticularly complex when it comes
to economic processes because the economic wartchigyeable. Peoples’ beliefs
about economic structure have the capacity to eh#rag economic structure, as
emphasised in the literature on dynamic inconsistéa.g. Kydland and Prescott,
1977) and the literature on non-ergodicity (e.gvibson, 1991). This suggests that
Classical statistical or ‘frequentist’ approacheshie analysis of probability which
assume repeatable events, complete informatiomaad/understanding of the data
generating mechanism, will be of little use in urstiending the predictions of fixed
asset investors for three reasons. First, infolonati incomplete and the data-
generating processes dictating economic outcongesfen unknown; an investment
decision is not like dealing a card from a pack®fcards or buying a lottery ticket
when you know that one million tickets are beintgis&econdly, investment
decisions are often about non-repeatable and uegeated events and this means
that information about past outcomes (e.g. as nightaptured by frequency data)
will be of little use. Thirdly, endogeneity meahst economic realities are complex
and mutable; expectations affect economic eveatsdstermine expectations (e.g.
stock prices go up because people believe theywillp because stock prices are
going up). Future outcomes will be affected by entdecisions based on
expectations of the future formed today; inter-tengp feedbacks between past,
present and future will determine reality. Giveaegh three sources of complexity, the
objective basis for probability judgements may kissing or unknowable and the
third source of complexity will undermine, in thevéstment context, even the more
subjectively based Bayesian probability concepts.

In algorithmic theories of substantively ratiomalestors, this quantifying the
future is achieved by linking the objective witletsubjective. Agents are assumed to
be forward looking but aware that the value of nyoecieanges over time. They are
assumed to process information in an objectivehamatical way, as described in
Section 2. A link is created between subjectivebpiulity judgements and objective
factors in a number of ways most easily undersindgdrms of the rational
expectations hypothesis (REH).

Dwyer, Williams, Battalio and Mason (1993) offereh differing interpretations
of rational expectations:

a) Economic agents collect and use informatioriefiily.

b) Agents will behave as if the objective and sotiye parameters that characterise
the environment are the same. In other words,@apens are rational if the
divergences between the expectations and reahsatiba given variable are a
white noise process.

c) Expectations, that is the subjective probabdistribution of outcomes, tend to be
distributed around the objective probability distrion of outcomes given the
same information set, i.e.:



+1X% = E(X/Qt-1) (2)

where, ;X% is the expectation of variable %rmed in period t-1 given the
information available in period t-Q.;).

Gerrard (1994) discriminates between ‘strong’ \@siof the REH, which assume
complete information and well-defined probabilitgtdbutions, and ‘weak’ versions
that allow rational expectations formation in thiegence of incomplete information
and ill-defined probability distributions. Gerré&adveak version of REH is consistent
with version a) of the hypotheses outlined above.

According to Muth (1961) the information set usgd&tional agents includes
the relevant economic theory and therefore modgeflitrategies that use economic
theory to predict outcomes are consistent with REétaran (1990) also focuses on
looking to other economic variables and arguesdbatirate expectations formation
should incorporate information about variables pthan the past history of the
variable being predicted (Pesaran, 1990, p. 7)h Buse views are compatible with
version c) above.

Overall, it is recognised that businesses form abdhy judgements of future
events subjectively but it is assumed that thebgestive judgments coincide, on
average, with some objective probability distribatensuring that mistakes are not
systematic. If this is the case, then some of tbélpms of prediction in a complex
world are reduced. In Tobin’s q theories, subjectivut rational) expectations are
formed using stock market data. Assuming efficfer@ncial markets as well as
rational expectations, share prices will respomstiaintaneously to news and so will
reflect all currently available information abobetfuture potential of investments;
share prices will be an unbiased measure of rdtiovestors’ expectations of the
discounted streams of future profits from currenestment activity. This sort of
approach may work in a world that is immutable:ifosuch a world, rational agents
able to access the same information sets are liBlgverage at least, to reach the
same conclusions because they will process infaomafficiently and learn from
their mistakes, making full use of all currentlyadable information.

But do substantively rational firms, adopting théanal expectations
approach hypothesised by g theorists, really farpesior judgements of future
events in comparison with the judgements made bgequturally rational investors?
Limits on rationality are likely to be profoundtiie world is mutable and economic
reality reflects endogenous processes. In this @asensistent, immutable and
objective reality may be missing; reality will beanging as expectations change. In
such a world, subjective probabilities do not neagly coincide with objective
probability distributions, even on average so itmeswill be forced to adopt a
procedurally rational approach. Without an objexiath to follow, procedurally
rational investors will use simple heuristics, ety will look to others in deciding
what to do, learning from the behaviour of othémsa world of incomplete
information it will be procedurally rational to folv the crowd, as explained in Topol
(1991), and/or to learn from past output signafsualivhat other investors are doing
(Acemoglu, 1993). This sort of approach will lead-ationally justifiable herding,
mimetic contagion and path dependency suggestaigtly errors in expectations
will not be random but instead may follow system#tends.

If firms are procedurally rational and the logittak between the objective
and the subjective is broken, then a range of stitgeprobability judgements may be
defensible. But if these turn out to be wrongt Isecause businesses are misguided or



is it because the economic reality changed unegdB&t A large literature has
developed analysing the first possibility: that itige limits on human information
processing mean that individuals’ subjective praliiglestimates are fallible (e.g. see
Tversky and Kahneman 1982, Baddeley, Curtis andd\&fi®4). If the second
possibility holds true, will any predictive tool b@equivocally superior to all others?
If complexity and endogeneity operate within limiisen the solution may lie with
predictive tools that incorporate fuzzy logic methpin which the binary concepts of
‘true’ and ‘false’ are replaced legreesf truth.

3.3 A Comparative Analysis of Approaches

There is an extensive literature on these compefipyoaches to investment
appraisal techniques exploring the relative mefitsmple heuristics, e.g. payback
period (PBP) and accounting rate of return (ARR¥ue more complex algorithms
such as net present value (NPV) and internal riatetorn (IRR) (Gordon, 1955;
Harcourt, 1968; Sarnat and Levy, 1969; RamseyD1Budley, 1972; Wright, 1978;
Gronchi, 1986). The use of algorithmic techniquaes loe problematic. NPV
calculations require judgements about discounsydtet making these judgements
about the value of expenditure today over inconneotwow are likely to be difficult
in a world constrained by endemic and immeasurabdertainty about the future.
There are similar complexities associated withube of the IRR technique limiting
its effectiveness as a practical investment apalreos|.

Given these problems with algorithmic techniqudentifying simple and
reliable proxies for IRRs and/or NPV is importaitprocedurally rational investor
may decide not to incur the costs involved in idgng a discount rate either because
they are ignorant that the value of money changes time or because they judge
that current information is fallible and that theure is too uncertain for calculations
based around discounting procedures to be of mseh u

In terms of the survey evidence about the usewvefiment appraisal
technigues based around algorithms versus heusrigtis clear that real world
businesses have a preference for the latter ardar@surt (1968) notes, there is a
pressure to educate businesses in using algoriteciniques. Does this preference
really make a difference? How are heuristic andrélgmic investment appraisal
techniques related?

Following the analyses by Gordon (1955), Kay (19a6J Sarnat and Levy
(1969) of the connections between IRRs and heesistich as PBP and ARR, a link
can be established. @ is the cost of an investment project apds the annual

revenue from the project (assumed to be constahtyemar given expectations of
future revenue based on current conditions). Tteznal rate of return is the discount
rate (o) at which the cost of an investment project eqtrasdiscounted stream of
expected future revenues from the project. Thikesprofit maximising point at
which NPV will be equal to O.

Assuming a one-year delivery / installation lagdsefrevenues accrue, NPV
will be equal to zero when:

q
e ©

. 1 .
Multiplying through by——— gives:
1+ p)
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Subtracting (2) from (1) gives:
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The PBP and ARR are defined as:
PBP:g -1 (7
d ARR
1
0 = 8
P PBF ®)

Therefore, given some simplifying assumptions,|RR is equal to the ARR and it
follows that it is also the inverse of the PBP.sT$uiggests that the PBP and ARR
techniques will give similar answers to the NPV #RR& techniques, implying that
judgements about complex and uncertain things &.@ppropriate discount rate)
may be unnecessary.

This insight can be developed in the context of epéions theories (e.g. Dixit
and Pindyck, 1994; Pindyck, 1991) which focus anribed to raise hurdle rates of
return to take account of uncertainty. Short tapggoff periods will be equivalent to
high hurdle rates of return.

Overall, the implication from this analysis is thesing simple heuristics (if
the assumption that current conditions will conginsl defensible) may in some cases
approximate the results that would emerge if arlmssi had a more sophisticated
algorithmic approach to investment appraisal.

4. Some Survey Evidende

In assessing some of the questions posed aboweysenvidence is illuminating. Past
survey evidence reveals that the pay-back perictinigue is the technique most
commonly used, though many firms use a range dintgaes, including DCF and
NPV methods (Arnold and Hatzopoulos, 1999, 200ripet al. 1992; Neild, 1964).
This evidence does not, however, address in detailand why firms use techniques;
it does not reveal much about the rationality asgcpology of businesses decision-
making process. The aim of the survey analysecdhis fiaper is to get a deeper
understanding of the motivations and approachesptado by a sample of
Cambridgeshire businesses.

The survey was designed to test two aspects o$ideemaking with implications for
the rationality and objectivity of investment plafsrst, in discovering the types of
appraisal techniques used and second, in estaglithe methods for formulating
expectations and making predictions.

In assessing these factors, the following categooé information were
examined: objectives; constraints; length of plagnhorizon; investment appraisal



techniques; expectations formation and post-prajediting® A stratified sample of
450 manufacturing firms was taken from a sampliogyation of Cambridgeshire
manufacturing businesses. 102 of these firms refgbrio the survey, and 99
responses were usable, giving an effective respasef 22%.

Firms’ Objectives and Constraints

Firms were asked to rank their objectives and Tab&mmarises the proportion of
firms adopting each objective. These data revetl mnost firms aim to maximise
either sales or profits. In terms of other goalsgé firms were also concerned about
industry leadership, medium-sized firms emphasigeoivth in productive capacity
and capacity utilisation and small firms emphasiskd personal satisfaction of
running a business.

TABLE 1: Objectives
Proportions and z scorés

% of firms adopting objective Size of business:
Large Medium Small All

Maximise profits/sales 71% 2% 80% 73%
z=-0.12 z=-0.78

Target profits/sales 51% 52% 35% 48%
z=-0.11 z=1.23

Target capacity utilisation 29% 48% 20% 33%
z=-2.18  z=0.78

Increasing capacity growth 31% 21% 40% 30%
z=1.25 z=-0.74

Increasing Stock Market valuation 16% 10% 5% 12%
z=0.98 z=1.26

Establishing industry leadership 65% 38% 15% 47%
z=2.99  z=3.8%

Personal Satisfaction 0% 31% 60% 21%

7=52%  7=-6.62

¥z scores calculated by comparison with the lange firoportion
bsignificant at 5%, i.e. 95% confidence interval



Businesses were also asked to outline the majasticonts that they faced. Financial
constraints, including existing financial commitrteerand the cost /availability of

finance were the most important constraints. Flaiitg demand is another constraint
rated highly by many firms and suggests that mosisf are strongly affected by

cyclical factors and volatility. Most firms pergei volatile demand as a far more
important constraint than lack of demand. This medlect the fact that it is easier to
plan effectively for stable, low levels of deman@eneral uncertainty and difficulties

predicting the future were also ranked by a sulhslgoroportion of firms as the key

constraints on their investment plans.

Similarly to the objectives, ranking of constraimggies with business size. Medium-
sized firms score highly the constraint of politieed economic uncertainty, with

smaller firms more limited than the medium-sized &rge firms by cost/availability

of finance. Small firms are more likely to have rtaise finance independently.

Medium-sized firms seem to be less constrained thege firms by the cost /

availability of finance (this could reflect thectathat these firms are subsidiaries of
larger groups and so are not independently resplen®r raising finance). Small

firms are also heavily constrained by their in&pito forecast future performance,
possibly reflecting limits on their resources.

Planning

Respondents were asked if they have a businessaptnif so, how far ahead they
plan. Eighty per cent of firms sample reported tihey use plans - 90% of large
firms, 86% of medium-sized firms and 45% of smalnE. The average length of
plan overall is 3 years. Large firms’ average plamgth is 3 years but small and
medium-sized firms’ average plan length is 2 ye@rgese results suggest that larger
firms are more forward looking. Nearly as many magdsized firms as large firms
plan ahead but they have a shorter time horizdre minority of small firms plan.

Investment Appraisal Techniques

Firms were asked about the precise mathematichinitgpees they used in their
investment appraisal, in an attempt to establigh ektent of their reliance on
substantively rational investment appraisal teanesy The results are summarised in
Table 2. By far the most common method of investnagpraisal is the simple PBP,
which is used by 81% of firms, compared with 34%nhgNPV. Investors in this
survey are more likely to rely on heuristics sushARR and PBP, rather than on
NPV and other DCF methods. The former techniquesad capture the time value of
money via discounting and therefore would not besstent with an algorithmic
approach. However, the firms sampled here do seetmetmore reliant on DCF
methods than firms in earlier surveys: Neild (19f4)nd that only 3% of engineering
firms used DCF algorithms (Neild, 1964, pp. 30-44)ae majority (88%) relied on
heuristics such as pay-off periods (67%) or flasaf return (21%).

Face-to-face interviews revealed more detailedrimégion about the attitudes
of local business leaders towards investment aggdrégchniques. Many Managing
Directors emphasised that uncertainty about theréutneans that the forward-looking
algorithmic approaches associated with DCF methcaisnot reliably be used.
Instead business experience and instincts play rioldorming expectations and in
making the final decision about whether or not twebst in a given project.
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Mathematical calculations are only valid if entrepeurs have clear information about
the future, in which case they are the ideal guadewvestment. But because, in the
real world, the future is not perfectly knowableathematical calculations, although
an excellent tool in guiding decisions, are flanatl must be supplemented with
business experience and gut feel. One managirgtdir (from a large and well
established company) commented that:

It is difficult to assess the right approach - yawould like to rely on
mathematical calculation but don't believe that y@an - although as a tool
it's a great asset. But there will always be a fgel, business experience
element as gut feel will tell you to base futurepentations on historic
information. The future is multifaceted, with maogssible interactions and
there can be no model to predict. Can you come ip a model more
predictable than people just pooling their gut feelctions?

TABLE 2: Investment appraisal techniques used
Proportions and z scorés

% of firms Size of business:
Large Medium Small All

DCF methods, including net present valuel3% 24% 25% 34%

(NPV) z=2.20 z=1.42

Pay-off period (PBP) 90% 72% 70% 81%
z=2.66 2=2.19

Accounting rate of return (ARR) 51% 55% 40% 50%
z=-0.44 z=0.85

¥z scores calculated by comparison with the lange firoportion.
bsignificant at 5%, i.e. 95% confidence interval.

The survey evidence revealed information not ohligua whether firms were using
certain techniqgues but also about whether they weseng them properly.
Respondents who used DCF techniques were askedhegwelected a discount rate.
If an incorrect discount rate is used, the linkviiled by the cost of capital between
financing and real asset investment activity walliroken and firms will not be acting
in a substantively rational way. Forty-five pemcef the large firms using DCF
methods did not realise the importance of a swtaldcount rate, e.g. claiming that
the question was ‘not applicable’. Fifty-five pent of large firms and 100% of small
and medium-sized firms using DCF methods used t&-fax cost of capital or
borrowing costs as a discount rate. So some firsimgy DCF methods do not appear
to be allowing, via higher discount rates, for thigects of uncertainty on sunk
investments as described by the real options appesa

Qualifications

Firms were also asked about the qualifications Hmidtheir investment decision-
makers: 79% of respondent firms (92% of large firm8% of medium-sized firms
and 45% of small firms) had employees with somenfoff business training. ‘Other
of business training’ (outside of MBAs, accountanggining and other business
degrees) is the most common form of qualificatiofipwed by accountancy training,
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business/commerce/economics degrees and finally $4BFhis pattern is maintained
across all sizes of firms. The fact that a grepteportion of large companies have
more qualified staff may explain why they tend twds more on the algorithmic
approaches consistent with a substantively ratiynal

Expectations Formation

The other aspect of business planning, particularportant in the use of investment
appraisal techniques, is the way in which firmsdpefuture output and revenues.
Pesaran (1990) notes the wide consensus that ée@x@ectations formation should
incorporate information about variables other tha® past history of the variable
being predicted (Pesaran, 1990, p. 7).

The methods used by the firms surveyed in this @@ outlined in Table 3. The
most common method used is to rely on availablermétion, business skills and
common sense (94%), followed by gut feel (39%) m@ére-or-less equal proportion
of firms use modelling, published forecasts, adaptiand/or extrapolative
expectations with the smallest proportion of firmeerall relying on the assumption
that existing conditions would continue unchanged.

In terms of firm size, large firms are more likéhan medium-sized and small firms
to use modelling, published forecasts, adaptive eetgiions and/or static
expectations. The proportion of firms using gul fi® form expectations increases
with decreasing firm size whereas the proportioriirais using business experience
increases with increasing firm size. It seems,tliat smaller firms, gut-feel
substitutes for mathematical algorithms. The oveiming reliance on business
skills and common sense is consistent with a pra@dationality hypothesis.

TABLE 3: Methods used to make predictions
Proportions and z scorés

% of firms Size of business:
Large Medium Small All

Adaptive expectations 34% 29% 25% 31%
z=0.59 z=0.75

Regressive expectations 34% 43% 25% 35%
z=-1.03 z=0.75

No change 24% 21% 13% 22%
z=0.40 z=1.04

General business skills 97% 93% 88% 94%
z=1.08 z=1.60

Gut feel 28% 50% 63% 39%
z=-252  z=-2.80

Modelling 45% 21% 13% 33%
z=2.77 z=2.5%

Published forecasts 45% 21% 25% 35%

72=2.77 7=1.57

¥z scores calculated by comparison with the lange firoportion.
b significant at 5%, i.e. 95% confidence interval.
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In a follow-up survey, more information was regeesfrom the respondent firms to
clarify their expectations formation proceduresiftyfseven firms responded to the
follow-up questionnaire. The results from this gated that, in predicting future
cash-flow, 61.4% of firms use desired cash-flow,828 rely on current or past
realisations of cash-flow; 10.5% extrapolate pestds and 8.8% use regression or
sensitivity analysis. The follow-up indicates th&dr many firms, current and past
values are extrapolated into the future. The figdimat the majority of respondents
base their expectations upon thdesired outcomes may indicate that expectations
have limited objective basis and that some firmghtmiadopt overly optimistic
business strategies.

The proportion of firms using an algorithmic appiedo prediction, i.e. by using
statistical / econometric modelling strategies,38% of all firms. Econometric
modelling is particularly prevalent amongst theyéarfirms: 45% of large firms form
their predictions via modelling and/or use publherecasts but smaller firms tend
to adopt simpler approaches (such as adaptive,esgge or extrapolative
expectations).

Finally, attitudes to risk were assessed by askimmgs if they used risk appraisal
techniques: 70% of firms carried out risk assesssn€’/4% of large firms, 68% of
medium-sized firms and 63% of small firms). Therioof these risk assessments was
not very clear with patchy given about how firmskrassessment methods. Some
respondents did say that they conducted sensiavigyses. Firms were asked about
their attitudes to risk in the follow-up survey;isthrevealed that only 3.5% of
respondents claim to be risk-seeking; 70.1% clairbd risk-averse and 33.3% claim
to be risk neutral. Risk aversion appears to deakith increasing firm size: 56.8%
of large firms are risk averse and 37.8% are resknal.

Survey Evidence on Post-project auditing and pasfiopmance

In assessing the relative optimism or pessimismneéstment activity, businesses
were asked whether past investments had matchedtexjons or not. The results are
summarised in Table 4.

Under-performance seems to be a function of firee,swith 8% of large
firms, 14% of medium-sized firms and 32% of smaling experiencing under-
performance and 10% of large firms and 14% of meesized firms and no small
firms experiencing over-performance of investmeiitse relative performance also
increases with decreasing firm size and the distiob of responses also differs
according to firm size.

Large firms’ investment performance is most closgincentrated around no
mistakes, with a slight skew towards under-estingaperformance. Medium-sized
firms’ responses are exactly symmetrical aroundnmetakes but with a greater
variance of response. Although on average mistategxactly equal to zero, they are
more likely to make mistakes than the large firmEhe small firms’ distribution
reflects a yet greater variance of responses cardpaith medium-sized firms, and
the distribution is fat, flat and heavily skewedvesds under-performance. Thus
whilst large and medium-sized firms distributionaeftcomes relative to expectations
does seem to be consistent with strict ration&htthough perhaps there is a slight
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tendency amongst larger firms towards pessimish®,distribution for small firms
does not. This could reflect either a strong tenggowards over-optimism or a
consistent failure to correct mistakes in impleragah of investment plans.

TABLE 4: Performance of past investments relatived expectations
Proportions and z scorés

% of firms Size of business:
Large Mediu Small All
m
Under-performed 8% 14% 32% 14%
z=-1.11 z=-2.7F
Performed as expected 82% 72% 68% 77%
z=1.34 z=1.32
Over-performed 10% 14% 0% 9%

z=-0.70 z=1.48

4z scores calculated by comparison with the lange firoportion.
b significant at 5%, i.e. 95% confidence interval.

One explanation for the fact that small firms arerenlikely to make mistakes in
forming their expectations of performance couldtbat smaller firms tend to be
younger and therefore may not have learnt either tioform accurate expectations
and/or how effectively to implement investment glanif this is the case, then the
tendency towards under-performance can only beagwa in terms of the age of a
firm if mistakes are due to inefficiency in implentieg investment plans.

These results indicate that overall large firmsramre effective at accurately
predicting the future rewards of business investnpans. However, the reasons
behind the results are hard to separate - partigida the reasons for fulfilment or
over-fulfilment of expectations could either betttiee initial expectations were more
accurate, that expectations were just more pes#roisthat investment projects were
implemented more effectively in the larger firm$he fact that lack of demand, an
exogenous factor, is a reason for non-fulfimenbagst the small and medium-sized
firms indicates that thwarted expectations arerd®ilt of uncertainty rather than a
firm’s effectiveness in implementing its investmerdans.

Another explanation may be that large firms ares ldékely to suffer
disappointed expectations because they are alfedoporate safety nets or margins
of error into their expectations of future perfomoea. Such firms will avoid the
adverse consequences of negative errors, reatisatghey cannot always anticipate
effects of adverse shocks on demand for their psddrhis is consistent with the
finding that large firms are also more likely toevate below full capacity; they allow
some spare capacity to take advantage of positieeks in demand for their
products. Large firms seem to allow for mistakesthrir expectations in either
direction: they build the possibility of over-estitmg demands into their expectations
and they allow for under-estimation of future irases in demand by building some
spare capacity into their capital stock. Thus theiactions to different types of
possible mistakes are asymmetric depending on itestidn of the mistake. If
margins for error are built into expectations, basses are more likely to find that
their investments perform as well as (or bettenlexpected.

The fact that the small firms in this sample weassllikely to have their expectations
met and were more likely to experience performdrelew expectations, may mean
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that they are not building the same safety nets timtir expectations because they do
not have the resources to do so.

Analysis of Statistical Significance in Survey Reses

The analysis of the survey findings in the precgdiaection has indicated some broad
trends and differences according to firm size. Bu¢ these differences in the

behaviour of different types of firms significarfle z scores in Tables I-IV show the
extent to which differences in investment decisioaking emerge according to firm

size (in terms of number of employees). The z scare testing the null (with a 5%

significance level, 95% confidence interval) thé tproportion for the medium or

small firms is the same as the proportion for #rgd firms.

From Table 1, it can be seen that in terms of baljectives, the maximisation of
profits and sales is important to all firms. Inttnegly, medium size firms are

significantly more interested in targeting capaaitylisation than large firms. This

may reflect the fact that the large firms have market power and therefore are
under less pressure to maintain capacity utilisatOn the other hand, small firms
may be operating with limited capital stock anyveayl so capacity utilisation is less
of a concern. Unsurprisingly, the large firms argnificantly more interested in

establishing industry leadership than either thallsor medium sized firms. The

small and medium sized firms are significantly manéerested in the personal
satisfaction of running a business. This may refie fact that the investment
decision makers in the larger firms are more likelype middle managers with less
long-term influence (past and future) over the ftgrgn strategy of the firm.

In terms of the primary motivation of this paperassessing the behavioural approach
of investment managers, it might be expected tmatarge firms are more likely to
have the resources and expertise to devote toouganvestment appraisal projects so
will be more likely to use algorithmic approachEsom Table 2, it is clear that the
larger firms are significantly more likely to usky@ithmic approaches, that is DCF
and NPV techniques. But the results here also ghawthey are significantly more
likely to use heuristic techniques too, in thisectiee use of PBP appraisal methods is
significantly more likely for the larger firms.

In forming expectations, the z scores recordedainld 3 show that the large firms are
significantly less likely than both the medium asdhall firms to use the more

subjective approaches of operating according tofegitand are significantly more

likely to use objective techniques such as modgllirhey are also significantly more

likely than the medium sized firms to use publisfe@casts.

In terms of anticipated performance, the z scardable 4 show that the small firms
are significantly more likely than the large firteshave under-performed. There are
no significant differences between the relativéfgrenance of the large versus
medium firms, whether in terms of under-performioger-performing or performing
as expected.

Overall, the z scores show that the large firmthigisample behave significantly

differently from small and medium sized firms irykeays, including firm objectives,
investment appraisal techniques, expectations fawmand investment performance.
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5. Econometric analysis

In Section 2, some of the objective factors und®glinvestment decisions were
analysed in the context of production theory. Paotidn theory focuses on an analysis
of the inputs of capital and labour; and, with ppr@priate model of expectations,
this approach tells us about the objective faatoiderlying the decision-making
process. In Sections 3 and 4, some concepts atidgswere presented about the
more subjective aspects of investment decisiongfample, how investment
appraisal techniques are used in practice) anththers associated with expectations
formation and prediction. In this section, all thé$eas are brought together
econometrically by comparing the empirical perfonggof four sets of models when
applied to the survey data described above.

The dependent variable in each case is turrolee turnover response was
sorted into 5 categories. For this reason line@masion techniques would be
inappropriate for the analysis of the survey resaiftd so the cross-sectional models
are estimated using maximum likelihood estimatiasdal around ordered Probit
estimation techniques. The four models estimatedaaiblack box’ model, focussing
just on inputs and outputs; a techniques modeclniques + planning model and an
encompassing model. The details of all these madelslescribed below.

Model 1 — The Black Box Model

For the basic model, the analysis of the relatipnbbtween output (as captured by
turnover) and capital and labour, is a simplificatof the Cobb Douglas Production
function described in Section 2, which given theial context has been simplified
to:

T = 1K, L) (9)

where T is turnover, K is capital stock and L isdar force. This is a black box
model in that it focuses just on the inputs andotlgputs, without addressing the
processes of decision-making. The results fronegienation of this model are
recorded in column 1 of Table 5 and show, unsurgligthat K and L are
significantly associated with T, a result broadiyisistent with production theory.
Firms with larger capital capacity and larger workes have greater turnover.

Model 2 —Techniques Model

Model 2 focuses on the techniques used in investapgraisal in getting a broad
picture of whether or not a techniques driven appinas associated with more firm
success in terms of turnover.

T. = f(NPV, ARR,PBR) (20)
The techniques are captured using dummy variahlkesg the value 1 if the
technique is used by a specific firm i and the @aaro if not. That is, NPV=L1 if the

business uses net present value techniques, ARR=ises accounting rates of
return and PBP=1 if payback appraisal methods sed.u
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The results from the techniques model are recordedlumn 2 of Table 5 and show
that the use of NPV and PBP techniques is assdardth significantly higher
turnover, at a 5% significance level. However, thay be picking a spurious impact
if the larger firms (which inevitably have higherover) are more likely to use
relatively rigorous investment appraisal techniqared/or are more likely to have
more highly qualified managers who are familiathvitiese techniques. The results
controlling for manager qualifications are addrdsseModel 3 and the impact of
firm size is captured in Model 4 (see below).

Model 3 — Techniques, Planning and Qualifications Mdel

For Model 3, the impact of forward-looking, subsieely rational decision-making is
is introduced by estimating a model that controfstfie impact of planning horizon
and managerial qualifications, as follows:

T, = f (NPV,, ARR, PBP, PLAN,,QUALS) (11)

where PLAN is the length (in years) of each firfissiness plan and QUALS is an
ordinal variable capturing the level of businessaadion amongst managers (0=no
business qualifications; 4=MBA qualifications hel@he results from the estimation
of this model are recorded in column 3 of Tablen8 show that, once planning and
business qualifications have been controlled fog,itnpact of the different types of
investment appraisal techniques has an insignitficapact on turnover performance;
whether or not a firm used relatively sophistica&cF/NPV techniques has no
significant association with turnover. This findilegnds support to the arguments
about equivalence of techniques presented in $e8ti

Model 4 — An Encompassing model

For the preceding models, assessing the indivicatribution of different variables
is complicated by the errors and inaccuraciesrtt@t be introduced via omitted
variable bias. For this reason, an encompassinghveas estimated, including all
explanatory variables as follows:

T = f(K,,L,NPV,ARR, PBR,PLAN ,QUALS) (12)

The results from the estimation of this model @@rded in column 4 of Table 5. It
should be noted that multicollinearity betweenvhaous explanatory variables is
likely to be relatively high in this sample becatisms with larger capital stocks and
labour forces are more likely to have more highlgidied business managers and are
therefore more likely to use relatively sophistzhinvestment appraisal techniques.
This means that the power of z scores in separttegdividual influences of the
different factors is reduced. For this reason, eatlof variables was also tested for
joint significance using a likelihood ratio testdaihe results are recorded Table 6.
Overall, the results show that the black box mad@hputs has independent
explanatory power and that the planning, qualiitce elements of the techniques
based models have independent explanatory poweirt Apm that, the types of
techniques used do not have a significant assogiatith turnover category, perhaps
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confirming the insights noted above, namely théedint investment appraisal
technigues will approximate each other in practsmyever, the extent to which
businesses plan for the future does have a signifijgositive association with
turnover, suggesting that being forward-lookindéeast may have benefits in terms of
performance.

TABLE 5 — ORDERED PROBIT ESTIMATIONS
Dependent variable: Turnover (ranked into 5 categoies)
Sample: 99 Cambridgeshire firms

1 2 3 4
MODEL 1: MODEL 2: MODEL 3: MODEL 4:
BLACK BOX APPRAISAL  TECHNIQUES ENCOMPASSING

TECHNIQUES &

PLANS
K Parameter estimate  0.657 0.687
Z statistic 3.778 3.638
p value 0.000 0.000
L Parameter estimate  1.665 1.382
Z statistic 4,793 3.791
p value 0.000 0.000
NPV Parameter estimate 0.706 0.155 0.109
Z statistic 2.906 0.575 0.340
p value 0.004 0.565 0.734
ARR Parameter estimate 0.044 0.065 0.213
Z statistic 0.195 0.277 0.763
p value 0.845 0.782 0.446
PBP Parameter estimate 0.52¢ 0.162 -0.082
Z statistic 1.871 0.543 -0.237
p value 0.061 0.587 0.813
PLAN  Parameter estimate ... 0.27% 0.23%
Z statistic 3.384 1.890
p value 0.001 0.059
QUALS Parameter estimate 0.344 0.094
Z statistic 3.578 0.938
p value 0.000 0.349
Akaike information criterion 1.716 2.775 2.463 203
Schwarz Bayes criterion 1.878 2.957 2.697 1.741
LR index (Pseudo-ﬁ 0.420 0.048 0.176 0.450
LR statistic 108.172 13.427 48.663 115.798°
(p=.000) (p=.004) (p=.000) (p=.000)

Psignificant at 5%, i.e. 95% confidence interval

TABLE 6 — LIKELIHOOD RATIO MODEL COMPARISON TESTS

Tests of Encompassing Model (Model 4) against:

Black box model (Model 1) df = 2 134.27
Techniques model (Model 2) df = 3 1.536
Techniques, planning and qualifications model (M&)af =5 15.248

Psignificant at 5%, i.e. 95% confidence interval
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6. Empirical Matching of Simulated Results with Acual Outcomes:
Simulation Results

In analysing the survey results, it should be emsskd that the respondents were
being asked to make subjective judgements of thi@onmeance of their investment
projects. In this section, to assess the objegimdormance of their expectations
formation, the average firm responses are usedntalae investment and output
performance over the planning period. This simdlgterformance is matched with
actual performance of manufacturing businesses amltidgeshire County, as
outlined in ONS Regional Accounts data. The suesgience was used to assemble
a profile of the typical behaviour of a surveyaunfi This profile was used to simulate
investment and output activity over the 1995-9 guriThis timing was based on a lag
of 3 years from the conclusion of the survey beeatlne survey revealed that the
average planning horizon for the sample group wag&s (as mentioned above).
These simulations were matched with performancéhén sampling population of
Cambridgeshire manufacturing firms.

As explained above, the survey evidence indicdttasthe majority of firms sampled
in the survey use PBP techniques for investmentaggrd, adopt a planning horizon
of three years and use regressive and extrapolatpectations in forming their
predictions of future output. Putting this infornoat together, if the typical firm in
Cambridgeshire operates in a similar way to thadidescribed in this sample, then:

1. Expectations of output will be a weighted averagcurrent and past output, over
a three-year periog,being the weight:

3 .
O, => V'O, (13)

i=1

where 0g<1

2. Investment plans will be determined by the mtd#on between the payback
period and output expectations. Assuming a paypacdiod of 3 years, consistent
with the stated planning horizon for these firm&nped investment in a given
period will be the sum of expected output overftilwing three years with all
years weighted equally:

3
Lo =20 (14)
i=1

Simulations of both output and investment basedttan simple behavioural hypotheses
outlined in (13) and (14) were calculated. Theseukitions are matched in Figure 1 against
actual and realised values of both output and tm&® over the period 1995-9. This

matching evidence shows that firms’ planned investnpersistently under-shoots realised
investment, suggesting that plans are not reabsedthat planning mistakes are systematic.
This result is consistent with evidence from thevey, which suggests that firms commonly
use adaptive and regressive expectations. Theseoammonly known to lead to systematic

mistakes. By comparison, firms seem to have morecess in matching their output

expectations with delivered output. These findirgygggest that the use of procedurally
rational heuristics, as outlined above, will lead good judgements in the case of output
expectations but systematically incorrect judgemeéntthe case of investment plans. Given
the greater uncertainty that characterises invesirtigs finding is not surprising. Also, it is a
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Figure 1: Simulated versus actual investment and
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result consistent with findings outlined in the\gnag literature on cognitive bias in economic
decision-making (Kahneman and Tversky, 1982; Bayd&urtis and Wood, 2004).

7. Conclusions and Policy Implications

In the literature on fixed asset investment itfteo assumed that businesses
adopt complex, forward-looking approaches to inwestt appraisal strategies, and
this assumption is based around Jorgenson’s mddelsmess investment in which
profit maximising firms continue to invest to theipt at which the marginal
productivity of capital is equivalent to the relaticost of capital inputs. This ‘black
box’ model of business behaviour forms the basthedries of firms as substantively
rational maximisers operating using complex mattieaaechniques (an algorithmic
approach).

In assessing the predictive power of theories basadnd the Jorgensonian
view, survey evidence was analysed using statistic econometric techniques. The
evidence from these analyses showed that whilsesoms, that is large firms do
operate in a techniques driven fashion, they ali&elg to use a simple heuristics
based around PBPs and ARRs as they are to usecomogdex forward looking
technigques such as NPV and IRR. Nonetheless, theetetric evidence did show
that the more forward looking firms (measured imt® of the length of their business
plans) were generally more successful in termsiwioiver, even after controlling for
firm size.

In judging the desirability of a range of possilleestment strategies,
businesses must form probabilistic judgements ahdute events, e.g. the future
productive potential of investment projects. Thgeotive basis underlying these
judgements may be very uncertain and not quangfidimits on human cognitive
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processing abilities may further compromise thecgss of prediction. The simulation
evidence presented in the final part of this pagogigests that, when it comes to
forecasting output, the most effective method iagssume that current conditions will
continue. The simulation evidence presented sugtfest this simple technique is
more effective in practice than more complex athomic methods looking at a wider
range of information (e.g. past values or Stockkdamnformation).

Overall, it seems that a procedurally rational bess, using heuristics, is as
likely to form accurate predictions and make goedislons as a substantively
rational business using complex algorithms. Sactd®ts involved in incorporating
complex algorithms, whether in investment projgutraisal or in expectations
formation, may outweigh the benefits in terms tketter decision. In practice and
given constraints on prediction (and on accurgtelging the discount rate), the use
of simple heuristics is not necessarily alwaysriofeto the use of complex,
mathematical algorithms. Rational agents may theedhave an incentive to save the
costs involved in using more complex procedureadnpting simple, common sense
rules of thumb.

Notes

! For a survey of other problems with the Jorgei@oapproach, i.e. limitations

not associated with uncertainty, expectations asythmlogy, see Baddeley 2002,
2003.
z The survey was conducted with the support of thenliridgeshire Unit and
Cambridge Enterprise Agency.

3 Details of the survey design have been omitted ussc@f space limitations
but are available from the author upon request.

4 That only 12% of firms aim to increase Stock Marketuation may be
explained by the fact that many of the firms suecegre not independently listed.

> This necessitated the use of non-linear estimat@mhniques because the
survey respondents were asked to rank turnoveromds rather to give precise
figures. This was to maximise response rates becasking for exact figures on
turnover would have discouraged respondents byngake questionnaires relatively
time-consuming to complete. The response optiomsthe profits, capital stock,
investment and labour force questions were alsegoaised.
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