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INDIVIDUAL FINANCIAL DECISION MAKING IN BASIC SCIENCE: 

•. 

A NORMATIVE AND DESCRIPTIVE STUDY 

Jerold Lee Zimmerman 

Lawrence Berkeley Laboratory 
University of California 

Berkeley, California 94 720 

Abstract 

The decision making behavior of scientists engaged in basic 

research (defined as the creation of knowledge) is explore~ in this thesis 

in order that prescriptive statements regarding the accounting system 

(one of the information sources having an impact on the decision process) 

can be made. A normative model, based on the assumption that the 

scientist maximizes the expected utility of the knowledge produced from 

the experiment, is formulated for a T-period horizon and dynamic pro-

gramming is employed to decompose the decision problem into T sequen-

tial, interrelated decisions. This model conceptualizes the scientist's 

long run problem and identifies the decision-relevant set of information. 

In the long run, the kn9wledge produced is the principal stochastic 

variable. 

In the T-period normative model, the scientist receives a sequence 

of exogenously determined budgets and chooses a sequence of experiments. 

J 
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The outcome from each experiment is a random variable and the scientist 

is assumed to have a subjective probability distribution which captures 

the likelihood of an outcome given the experiment. The outcome produced 

then becomes the starting point for choosing the next experiment. The 

cost in year y of any sequence of experiments cannot exceed the fiscal 

budget in year y, and in addition, borrowing ahd lending between budgets 

is precluded. The state variable has two components, the current state 

of knowledge and the amount of resources remaining. 

By collapsing the horizon to the length of one budget period, and 

by assuming the state of knowledge is deterministic in the short run, a 

utility function for allocating the budget over the fiscal year is induced 

from the utility based on end-of-year knowledge. During the fiscal year, 

management revises the budget of the scientist, and parameters, internal 

to the accounting system (e. g., the overhead rate), are changed, again 

causing the scientist's "effective'' budget to vary. Since both of these 

revisions cannot be predicted with certainty, the budget is a random 

variable. Using the induced utility function and budget uncertainty, a 

short-run model is formulated from which mean-preserving changes in the 

variance of the distribution of the budget are shown to cause the scientist 

to revise his planned experiments, thus reducing his expected utility. 

Using the financial data from the Physics Division of the Lawrence 

Berkeley Laboratory, empirical evidence is provided supporting the 

analytic conclusion that in:creases in the variance of the distribution of 

the budget decrease first period spending. 

Under certain conditions, determining the optimum sequence of 



.. 

-vii-

experiments over the fiscal year may not be cost=effective when the cost 

of decision making is included in the model. In this case the scientist 

chooses a satisfactory decision rule which minimizes the cost of decision 

making. The literature suggests that linear decision rules tend to ~e 

employed by actual decision makers to reduce the cost of decision making. 

Based on the premise that certain classes of scientists seek to minimize 

decision costs and that by using linear decision rules the cost of decision 

making can be reduced, the parameters of a computer simulation program, 

based on a linear decision model, are estimated from the financial data 

of actual scientists. In general, the scientist 1 s decision making behavior 

with respect to choosing expenditure patterns can be approximated by 

linear decision rules. 

The principal result of the thesis is a better understanding of the 

financial decision making of scientists and the role of the accounting 

system in this process. Normative and descriptive models of the decision 

process are constructed and analyzed and the following conclusions emerge. 

Basic science is an exceedingly complex decision process characterized 

by great uncertainty in the long run. The scientist adapts to this uncer

tainty in a number of ways. In the short run, the problem is transformed 

to one of managing the mix of inputs. Furthermore, the scientist appears 

to use simplified, linear deCision rules as an aid to computation. The 

accounting system enters the decision process directly by providing 

decision-relevant information r_egarding the amount of resources remaining, 

and indirectly by affecting the process in two subtle ways. First, the 
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accounting system can increase the uncertainty surrounding the budget 

causing the scientist to revise his planned experiments and therefore, 

will reduce the scientist's expected utility. Secondly, the accounting 

-system affects the cost of decision making and may "force'' the scientist 

(due to cost-benefit considerations) to adopt simpler, less costly 

decision rules. 
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.. 
CHAPTER 1. 
Introduction and Summary 

1. 1 Purpose 

The decision making behavior of a sample of scientists engaged 

in basic research is explored in order to improve both the existing 

information system and the decision generating process. The 'scientist 
1 

must constantly make choices concerning problems to investigate, 

experiments to conduct, evidence to gather, equipn'lent to utilize, staff 

to employ, resources to allocate, .... To make these choices the 

scientist uses multiple information sources including academic journals, 

colleagues, engineers, managers, and the accounting system. Specific-

ally, the impact of the accounting system on the decision behavior of 

scientists is studied by structuring the interdependencies of the key 

decision variabies and the prevailing uncertainties. 

It is not our intention to derive a performance <Tieasure for the 

output of basic science. Rather, a normative model of the choice situ-

ation is constructed, and from this model we attempt to induce the set 

of 11 decision-relevant112 information. By comparing the decision-

relevant set to the actual information set, prescriptive statements 

are made regarding changes in the accounting system. Although this 

study is concerned with financial decision making in a basic research 

laboratory, the methodology and many of the findings can be applied 

1 
This thesis deals only with basic science, hence the usage of the term 
11 science 11 will imply basic science unless otherwise noted. 

2 Hakansson (1969b). 
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not only to other research laboratories but also to other, primarily, 

non-profit institutions operating in a fixed, fiscal budgetary environment 

which prohibits borrowing and lending between fiscal years. 

1.2 Caveats 

This research is a case study of the Lawrence Berkeley Labora

tory (LBL), 
3 

a multi-disciplinary facility revolving around basic research 

in nuclear physics. The data has been drawn from this single setting and 

the consistency of the findings has not been verified with other research 

laboratories and other scientific disciplines. The available literature 

p~rtaining to the management of and the decision making in basic science 

includes a few peripheral studies.
4 

As a result, the thesis is viewed as 

an exploratory study; the decision process is structured, analytic 

results are derived, and some empirical evidence has been gathered. 

In order to keep this research within manageable bounds several 

important, but ancillary topics have been excluded. A single person 

context is assumed. The problems involved in allocating resources 

among competing scientists, and decision making by groups of scientists 

possessing heterogeneous tastes and beliefs are essentially multi-

person problems and are not addressed. This thesis deals with an 

abstract, individual scientist but is also applicable to a "one-minded 

entity"
5 

or team 
6 

although information flows between team members is 

3 
Appendix SA describes this institution. 

4 
Popper ( 19 59), Churchman ( 19 61), Kaplan ( 1964), Vollmer ( 1965), 
T. Marschak (1967), Roman (1968), and Hakansson (1971b). 

5 
Buckman ( 19 72). 

6 
Marschak and Radner ( 19 72), 
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not explored. 

Finally, the scientist is viewed as a decision maker, hence the 

constructs of Decision Theory can be applied to analyze the scientist's 

choice situation . 

. . . the scientist himself is a decision maker ... The scientist 
decides what to study; he decides what model is adequate within 
which to pose his problem; he decides how, when, and where to 
make observations; he decides when to accept or reject a con
clusion. As a decision maker he is as much concerned with 
actions as is the executive. 7 . 

1. 3 Setting: Basic Science 

Basic research results in general knowledge and an understand
ing of nature by its laws. This general knowledge provides the 
means of answering a large number of practical problems. The 
scientist doing basic research may not be at all interested in the 
practical applications of his work. . . . New products and new 
processes ... are founded on new principle.s and new conceptions, 
which in· turn are painstakingly developed by research in the 
purest realm of science. 8 

Basic research in the United States accounts for roughly four 

tenths of one percent of the Gross National Product or four billion 

dollars. 9 But expenditures for basic science have a more significant 

impact on economic growth than the absolute dollar amount would seem 

to indicate . 1 0 According to Kuznets ( 1971), the generation of new 

knowledge (the output of the scientific process) is a" ... necessary, if 

not sufficient condition for further high rates of (economic) growth per 

7 Churchman (1961). 
8 Bush (1945), p. 13. 
9 U.S. Department of Commerce (1972). 
1 ~uznets (1971), (1973), Nelson (1959), NBER (1962}, Dorfman (1965), 

and Machlup (1962). 
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capita and productivity.1111 However, forecasting the future economic 

value (e. g., increased productivity) of a particular basic science ex-

penditure is extremely tenuous. ''By the very definition of (science), 

invention must be a risky process, in that the output can never be pre

dicted perfectly from the inputs. 1112 • 
13 

The nature of this uncertainty, 

we will ·see, plays an important part in trying to understand the decision 

making behavior of scientists. 

Scientists adapt to this uncertainty by doing what Kuhn ( 19 71) 

describes as "normal science." 

Normal science, the puzzle solving activity, is a highly cumu
lative enterprise, eminently successful in its aim, the steady 
extension of the scope and precision of scientific knowledge. In 
all these respects it fits with great precision the most usual 
image of scientific work. Yet one standard product of the scien
tific enterprise is missing. Normal science does not aim at 
novelties of fact or theory and, when successful, finds none .... 
New and unsuspected phenomena are, however, repeatedly un
covered by scientific research, and radical new theories have 
again and again been invented by scientists. 14 

In science, novelty emerges only with difficulty, manifested by 
resistance, against a background provided by expectation. 
Initially, only the anticipated and usual are experienced even 
under circumstances where anomaly is later to be observed. 
Further acquaintance, however, does result in the awareness 
of something wrong or does relate the effect to something that 
has gone wrong before. That awareness of anomaly opens a 
period in which conceptual categories are adjusted until the ini
tially anomalous has become the anticipated. At this point the 
discovery has been completed. 15 

Although Kuhn is concerned with how scientific theories are overthrown, 

11 Kuznets (1971), p. 333. 
12 

Arrow (1962). 
13 

Scherer (1965), Kuhn (1971), and Machlup (1962) have recognized the 
persuasiveness of the uncertainty in science. 

14 
Kuhn (1970), p. 52. 

15 
Ibid. , p. 64. 
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his description of science can be applied to the individual researcher. 

We assume the scientist is searching for interesting anomalies, or 

results which do not conform to existing expectations, and then to 

"exploit" these findings. The scientist "exploits" an anomaly by adjust-

ing ~is research program in such a way as to generate further obser-

vations and to eventually alter the prevailing de sc ri.ption of the world 

so as the existence of the unexpected result can be explained by the 

newly modified theory. The research project, currently conducted, 

will probably not yield any anomalies and in this sense the scientist is 

doing "normal science." The scientist can predict with relatively great 

accuracy the outcome of the current experiment. If its outcome is not 

in doubt, reasons for conducting the expe rim·ent include at least the 

following: this particular replication or collection of data has not yet 

been performed and by conducting this experiment the scientist will 

acquire a particular research capability which might be important in 

the future; furthermore, anomalies only result from running experiments 

and not from planning experiments, although the two are not mutually 

exclusive. 

1. 4 Methodology 

The methodology of the thesis follows closely that suggested by 

Hakansson (1969a), (1969b), (1971a) and is also consistent, in principle, 

with the approaches followed by other accounting theorists.
16 

Accounting 

16 
American Accounting Association (1966),,Edwards and Bell (1961), 
Chambers (1966), Sterling (1970b). 
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theories and eventually accounting systems should only be deduced from 

an understanding of the underlying decision process to which the account-

ing system is directed. One method useful in gaining knowledge of a 

process is to develop 'a model of the process. 
17 

. 
(Models clarify) the decision alternatives and their anticipated 
effects, indicate the data that are relevant for analyzing the 
alternatives, and lead to informative conclusions. In short, 
the model is a vehicle for arriving at a well-structured view 
of reality .18 

This thesis seeks to explore the role of the accounting system in 

basic science. However, a decision model of basic science upon which 

we can structure an accounting system is unavailable. Thus, much of 

the thesis is devoted to modeling the decision process of scientists, 19 

·" A normative model is a theory of how decisions oaght to be reached. 
20 

The computational procedure employed by actual decision makers may 

bear little resemblance to the computational procedure as described by 

the normative model, but yet the model may still be a valuable instru-

ment as both a guide to the accountant seeking to provide more "relevant" 

information, 
21 

and as a guide to the scientist seeking to improve his 

decision making. Thus, the nol:"mative model may become a description 

22 of the actual process with changes in the accounting system and 

17 Wagner (1969). 
18 Ibid., p. 10. 
19 Hakansson ( 1969a) for instance, has had to adopt a similar strategy. 
20 Raiffa (1968). 
21 Information economics (Marschak and Radner (1972)) suggests that 

by changing the information system, the decision rules being used 
can change. Thus, the normative model can help to predict how the 
actual decision process might change with changes in the accounting 
system. 

22
Hakansson (1971a), pp. 8-9. 
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changes by the decision maker. Empirical evidence is· gathered, not 

to test the normative model as a whole, since the implications of norm-

ative models are not testable, but rather to compare the "goodness of 

fit'' between the normative model 1 s assumptions and the real world 

process. The normative model has been derived from a set of postulates 

according to the rules of logic. If there have been no transgressions in 

the logic, then any divergence between the conclusions of the normative 

model and the corresponding observations of the real world (measured 

without error) must be due to the existence of unrealistic assumptions 

upon which the normative model is based. To the extent the model's 

premise::; are realistic (which can be tested by empirical research), the 

decisions dictated by the model are "optimum" and the information 

23 
required by the model determines the optimum accounting system. 

Th. h . t"l" d . . th 24 h t 1 f k 1st es1s u 1 1zes ec1s1on eory as t e concep ua ramewor 

underlying the normative model of decision making by scientists. The 

decision-theoretic approach postulates a set of axioms from which 

The consistent man behaves as if he (1) assigned personal prob
abilities ... , (2) assigned numerical utilities ... , and (3) chose 
the action with the highest "expected utility."25 

The postulates and the correspondence of actual behavior predicted by 

the expected utility theorem have been the subject of considerable 

empirical research. As a result we have some knowledge regarding 

the ·realism of the postulates of decision theory. This approach is not 

23 This, of course, assumes that the cost of information processing 
and decision making are included in the model. 

24 Luce and Ra~ffa (1957), Raiffa (1968), Borch (1968), Fishburn (1968). 
25 

Marschak ( 1968). 
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an entirely adequate model of human behavior and has been criticized 

by a number of researchers. 
26 

The advantages and disadvantages of 

decision theory are probably best summarized by Churchman ( 19 61). 

Modern utility theory can be n1ade out to be as foolish and naive 
as you want. So can any other approach to values. . . . It be
comes more and more apparent that the so-called ''methods" of 
the physical sciences are not appropriate for measuring the 
critical aspects of human behavior, but we are still groping for 
an adequate substitute.... It should be quite clear, therefore, 
that I consider both formal and empirical study of utilities to be 
very important. Without that work, a careful analysis of the 
methodological issues would be impossible. 

Decision theory has provided the necessary framework for the theory 

of finance and most of microeconomics. Likewise, this thesis will 

employ this approach and its premises to develop a normative model 

of decision making in basic science. 

1. 5 Scope 

After reviewing the axioms of choice, Chapter 2 formulates a 

general T-period model of the scientist's decision problem founded on 

the expected utility theorem. The problem is structured such that the 

scientist expects to receive a sequence of L budgets (where each budget 

must be allocated over T periods per fiscal period) and to choose T 

experiments. T=TL. For example, if five annual budgets form the 

horizon (L= 5) and decisions are made quarterly ( T=4), then there are 

twenty decision points ( T=20). The variables of this decision problem 

are identified and a decision relevant set of information is provided. 

Based on this model, Chapter 3 introduces some further complexities: 

26 
Fishburn ( 1968) reviews this literature. 

.... 



-9-

portfolios of experiments, the relationship among hypotheses, evidence, 

and experiments, some special classes of utility functions, and other 

extensions. Conditions are delineated under which we would expect the 

annual fixed budget to be exactly exhausted. In addition, the question 

of model operationality is considered. Chapter 4 modifies the general 

T-period model principally by collapsing the horizon T to a budget or 

fiscal year (L=1 and T=T). The resulting model is used to prove two 

results: 

(1) Given appropriate conditions (a strictly concave induced 

utility function and decreasing absolute risk aversion), the "normative 

scientist" spends less in the early period of a two period (T=T=2), 

budget-uncertain world than he would spend if he knew precisely what 

his budget was for the two periods. (2) If the risk averse scientist changes 

his first period spending in a two-period world in response to changes 

in budget uncertainty (the mean of the distribution remains fixed while 

the variance increases), then the scientist's expected utility is reduced. 

These analytic results are important to designers of accounting 

systems since the accounting system can increase budget uncertainty. 

Chapt~r 4 discusses the role of the accounting system, and also provides 

some empirical evidence supporting the first analytic result. Not only 

does this evidence help substantiate the normative model, it;1 addition 

it provides some consistent evidence to support Leland's ( 1968) assump

tion of dec rea sing absolute risk aversion in a two-period world. 

The short-run model derived in Chapter 4 does not include the 

cost of analysis and decision making. Some plausible conditions are 

postulated, and the resulting meta-model, including the cost of decision. 
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suggests the optimum strategy for the scientist to follow in allocating 

the budget over the fiscal year is a cost-minimizing strategy. The 

costs to be minimized are the decision making costs (e, g., the infor-

mation and processing costs). The literature suggests that actual 

decision makers employ linear rules and restricted information sets as 

a way to minimize cognitive strain and thus processing costs.
27 

Assuming actual scientists use linear decision models, Chapter 5 

constructs a computer simulation model using expenditure data from 

the Lawrence Berkeley Laboratory. The simulation employs linear 

prediction functions and linear decision rules. Only two "pieces" of 

information (the current budget and the amount spent to date) are used 

in order to forecast how much to spend next month. Using the incre-

mental approach of Davis, et aL , ( 1966), the simulation follows a 

heuristic process by forecasting monthly spending one month at a time. 

Chapter 6 validates the simulation by a combination of statistical 

2 methods (both R and simple regressions), protocols, and alternative 

(regression) models. Chapter 7 summarizes the major findings of 

the thesis and discusses their implications for the design of accounting 

systems in basic research laboratories, 

1 , 6 Findings 

The nature of the uncertainty surrounding the scientific process 

and how the scientist adapts to it is of crucial importance to the under-

27
wildavsky (1964), Crecine (1969), Slovic c;~.nd Lichtenstein (1971), 
and Dawes and Corrigan ( 19 74), 
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standing of the decision behavior of scientists and specifically, how the 

financial decisions are made. This thesis explores the nature of the 

uncertainty in the context of the financial decision of allocating the total 

budget over the fiscal year. The normative model developed in the thesis 

suggests that the allocation of the budget acts as a constraint on the 

larger decision -- determining the optimum experiment to conduct --

and in fact the two decisions cannot be separated in the normative model. 

Furthermore, there is stochastic time-dependence which relates current 

experiments (and allocation) to the previous experiment (and allocation). 

The optimum experiment to conduct this period dep~nds on the research 

findings from the last experiment. (The choice of experiment is con

ditional on past findings.) Thus, the choice of an optimal spending pattern 

cannot be determined ex ante, but rather unfolds over the fiscal year and 

can vary as unexpected research results occur causing the scientist to 

revise future experimental plans and thus the expenditure pattern. 

These normative implications are consistent with empirical observa

tions. Time series regression models and a simulation model can only 

capture roughly one-half of the variation in the actual monthly spending 

patterns of research scientists. The remaining variation is caused by, 

among other things, random shocks to the allo.cation from unexpected 

experimental results and changing experimental plans. 

Besides the uncertainty surrounding the outcome of the experiment, 

there is a second source of uncertainty in the system. The current year's 

budget is also a random variable and is only revealed at the end of the 

fiscal year. The current year's budget varies due to a number of 
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reasons, among them is the accounting system (Section 4. 3). It is 

proven analytically that, given appropriate assumptions regarding the 

scientist's reaction to uncertainty, increases in the uncertainty (e. g., 

larger variance but constant mean) causes the scientist to aHe r his 

financial decision and thus his experimental alternatives and he is 

worse off (in terms of expected utility)(Section 4. 3. 1). The empirical 

evidence supports this finding that allocations are changed as the amount 

of budget uncertainty (as measured by the variance) varies (Section 

4. 3. 2). 

The role of the accounting system is threefold in the decision 

making process of scientists. Not only does it inform the scientist of 

the amount. of resources consumed and not oniy can the accounting system 

be an additional source of budget uncertainty (previously discussed) 

causing the scientist to revise his plans, but also the accounting system 

affects the cost of decision making and can cause the scientist to employ 

different decision rules (Section 4. 4). As the accounting system becomes

more complex, there is an increase in the amount of time required by 

the scientist to estimate the cost of future experiments. Thus, the cost 

of decision making depends in part on the accounting system. One way 

the scientist can reduce the cost of decision making is by the use of 

linear decision rules. A computer program based on linear decision 

rules is fit to the actual financial data of scientists (Chapter 5). After 

validating this simulation (Chapter 6), it is concluded that scientists 

tend to use linear decision rules in their financial decisions. 

The implications of these findings for the designers of accounting 

systems (Chapter 7) include the following prescriptions. The accounting 

'· 
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system should be. made as simple as possible in order to reduce the 

amount of time required by the scientist to plan future experiments 

and thus reduce the cost of decision making. Those accounting tech

niques which increase budget uncertainty should be eliminated. And, 

automated (e. g., computer based) techniques should be introduced which 

allow the scientist to estimate the cost of future experiments without 

, having to perform the detailed and costly computati0n. 
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CHAPTER 2. 
A Normative Model of Individual Scientific Decision Making Under 
Uncertainty 

Using the precepts of decision theory and dynamic programming, 

in this chapter a T -period model is developed as a representation of the 

. choice situation confronting the scientist. Two basic assumptions are 

implicitly incorporated into this model; individual scientific sovereignty 

and the notion of the scientist as a "pure truth-seeker". 
1 

Scientific 

sovereignty or academic freedom is the right of the scientist to select 

his own research topics and conduct the research as he chooses. Research 

funds may not be forthcoming and the scientific community may not be 

interested in the findings, but still it is within the scientist's province 

to have the ultimate responsibility to select research projects. The 

second assumption, the "pure truth-seeker," conceptualizes the ''norma-

tive" scientist as being concerned only with the discovery of knowledge. 

The normative model formulated in this chapter does not question 

either of these assumptions and implicitly incorporates them into the 

model: The first section of this chapter describes the basic building 

blocks of the model. Section 2.2 explores whether the underlying axioms 

of choice leading to the expected utility theorem are plausible in the 

context of scientific decision making. Section 2.3 presents the analytic, 

T -period model of the scientist's decision making problem under un-

certainty and describes an approach for computing an optimum decision. 

Although this model is very general, it does provide a framework for 

1 
Marschak ( 19 73). 
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further analysis and a focus for the remainder of the thesis. 

2. 1 Basic Components 

2. 1. 1 The Objective: The Production of Knowledge 

The underlying assumption of the normative model being constructed 

is that the purpose of science is to determine the "true" state of the 

world 2 for the particular phenomenon being studied (e. g., the "pure 

truth-s eeker11 assumption). This premise is in conflict with the often 

stated purposes - producing a result before some other scientist, 

minimizing the time necessary to produce a result, or maximizing the 

number of publications. All of these ~tatements describe what motivates 

certain classes of scientists; these statements are descriptive rather 

than prescriptive. 

In period t, the phenomenon being investigated can be described 

by a vector of descriptions and will be denoted as st. If the orbit of a 

planet is being studied, then st might be {orbit is a circle} or {orbit is 

an ellipse with unequal axis}. On the other hand, 

10 
complicated {axes are equal, of length 1.2 X 10 M 

st can be made more 

to 1.3X 10
10

M}. At any 

point in time, there exists a finite denumerable set st of mutually 

exclusive and completely exhaustive alternative descriptions of the 

problem such that, 

t=1, .... , T. 

2 Many authors including Reichenbach ( 1949) argue science cannot achieve 
either truth or falsity, but only degrees of probability of truth or falsity. 
In terms of this model, we can argue that the true state of the world has 
been determined, if the scientist applying the prevailing logic of his own 
discipline has accepted a particular hypothesis. See Chapter 3, Section 
2 for a more complete discussion. 
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Three additional elements of St include 

{none of the above} which implies st is an unanticipated result, 

{experiment failed} which implies 

s ::: {(st 
1

), (this experiment is not a viable approach to the 
t . -

question)}, or 

{an accident destroyed the experiment} which imples st ::: st_ 1 . 

Thus, the purpose of science is the determination of the "true" 

state st from the possible alternative descriptions St. Viewed as a 

dynamic process of a finite horizon of T decision periods, the process 

of science becomes the unfolding of the state space over time. 

s € s S ::: S 1 X s2 X . . . . . X ST 

Each time period is of fixed length and a finite time horizon is assumed. 

This last assumption, employed in most multi-period models, seems 

reasonable given the fixed nature of the scientist's career. 

Given s £ S, we are arguing that the scientist can compare two 

state paths s' and s" and will either prefer to achieve one or the other 

or is indifferent between them. In the economic theory of choice being 

developed,. we are not arguing how the preferences be formed, only that 

they exist and are consistent (the comparisons obey certain axioms of 

logic, e. g., transitivity); and that the ultimate object of choice to a "pure 

truth-seeker" is st' not salary or size of research staff, or number of 

publications. 

2. 1. 2 The Objects of Choice: Experiments 

The scientist cannot choose to produce s over s' directly, but 

, ... .i 
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rather selects those actions which he conceives might yield s~ The 

action is an experiment. An experiment is in fact an ordered pair, a 

particular methodology aimed at testing or exploring a particular theory 

and the theory to be investigated. But at this level of abstraction, the 

experiment is the fundamental element of the model. In this model, if 

a particle accelerator is being used to probe the nucleus of an atom for 

a particular sub-particle, a digital computer is being used to simulate a 

semi-permeable membrane, and if a mathematical theorem is being 

studied which, if proven, will aid in the unification of several related 

theories; then within the context of "experiment"3 adopted within this 

paper, all three of these actions are experiments. Each is a different 

methodology applied to very different problems. The outcome or conse-

quence of an experiment is a set of new observations and a new state of 

the world is revealed. 
4 

The set of experiments at time t which are being considered is 

5 
denoted as At' from which the scientist may select one, 

t= 0, 1, ···~· T-1. 

Clearly, the set At depends on the previous result revealed, st. 

3rn fact, the usage of "experiment" in this paper is entirely consistent 
with the definition in Webster's New World Dictionary, World Publishing 
Company, ·New York, 1970: "Any action or process undertaken to dis
cover something not yet known or to demonstrate something known." 

4 
Section 3.2 explicitly relates the concepts of evidence, hypothesis, and 
problem. At this point, all of these notions are assumed captured by 
''experiment.'' 

5 Later, the model will be expanded to allow choices of more than one 
experiment. 
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For example, if the result just revealed is {orbit is a circle} the possible 

experiments to be conducted can be different than if 

ellipse with unequal axis}. 

s = {orbit is an 
t 

Once an action at has been selected and implemented, a state is 

revealed st+ 1 . This mapping from actions to states is not deterministic 

but rather stochastic. The scientific process is conceptualized as being 

uncertain with respect to which outcome will prevail given the choice of 

an experiment. For each experiment at' one or more of the states, 

st+ 1 E St+ 1 , may result. 

2. 1. 3 Subjective Beliefs: Personal Probabilities 

Even though the process of conducting an experiment can yield one 

of many possible state descriptions st' we assume a scientist can first, 

enumerate the possible outcomes and second, form subjective beliefs as 

to the relative likelihoods of these outcomes where all of the enumerated 

outcomes are mutually exclus~ve and form a collectively exhaustive set. 

The scientist's degrees of belief can be represented by a probability measure 

P(st I at-i' st_ 1) defined over the alternative outcome It i's further 

assumed that the likelihoods are formed in a "consistent" or "rational" 

manner (to be discus sed later) such that the probability measure P 

satisfies the following axiom. 6 

Axiom 1. Personal Probabilities 

For P to be a probability measure, the following three conditions 

6
Lindley (1965), Marschak (1968). 
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must hold for all at_ 1 and st_ 1 . 

(1) 0 ~ P(st I at_ 1 st_ 1) ~ 1 t=1, ... ,T 

(2) st ~St P(st I at-1, st-1) = 1 t = 1, .... , T 

(3) P(st or st' I at_ 1 , st_ 1 ) = P(st I at_ 1 , st_ 1)+P(st' I at_ 1 , st_-1) 

for t = 1, ... , T . 

and s' and s" are disjoint'. 
t t 

If P conforms to these three conditions, then the relative likelihoods 

as signed .subjectively by our hypothetical scientist form a probability 

measure on the space St for t = 1, ... , T. This axiom postulates that 

for each experiment at a subjective probability measure can be as signed 

to any particular consequence from that experiment. 

The empirical evidence from economics and psychology indicates 

that most people have problems formalizing their subjective beliefs into 

a numerical estimate. 7 Dickhaut ( 19 73) found the violation of Bayes rule 

in an experimental setting to depend on the information system, the setting, 

and the type of subject. Mosteller and Nogee (1951), Tversky (1967) and 

others have found a tendency for subjects to underestimate low probabilities 

and overestimate high probabilities. And Tversky (1967) found experi-

mental subjects' estimates of the probability of disjoint sets not always 

summing to one. Even though there is considerable evidence document~ng 

the violations of probability theory, Peterson and Beach (1967) conclude 

(somewhat too optimistically according to Slavic and Lichtenstein ( 19 71)): 

7 See Slavic and Lichtenstein (1971) for a literature review. 
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Experiments that have compared human inferences with those of 
statistical man show that the normative model provides a good 
first approximation for a psychological theory of inference. 
Inferences made by subjects are influenced by appropriate 
variables and in appropriate directions. 8 · 

Whether or not individuals can form and manipulate subjective 

probabilities is only a peripheral issue at this point. The reader is 

reminded this is a normative theory of how scientists ought to make 

decisions. When confronted with an important decision problem, would 

the individual want to behave inconsistently? 

2. 1. 4 Resource Utilization 

The scientist is assumed to be working with a fixed annual budget, 

determined exogeneously. In terms of this model, the budget, denoted 

as R, will extend over several decision periods. To remain general, 

assume there are T decision periods per fiscal or budget cycle and 

initially, R is known ~th certainty. (In Chapter 4, R will be consid

ered to be a random variable.) Then, if ct(at) is the cost of conducting 

experiment at' the resource constraint can be stated as 

r-1 

I: ct-1(at-1)~ R 
t=O 

The model being developed describes a T-period world where 

T ?: T, and for simplicity, let T = Lr. Thus, the horizon T consists of 

an integral number, L, of budget periods, where each budget period 

contains T decision periods. Likewise, there are L budgets over the 

8 
Peterson and Beach (1967) p. 42. 
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horizon, 

and there are L budget constraints denoted as 

T-1 

L ct+A.r (at+A.r) ~ RA. 
t=O 

A.= 0, 1, .... , L-1 

( 2. 1) 

An assumption being imposed, other than budget certainty is the 

independence of RA. and st. The amount of resources available for 

research is assumed independent of the result achieved. This assumption 

ignores the "political impact" of one type of research over another. 

Obviously, there are more funds available for basic research into pheno-

menon related to energy or mass transit problems than for other types of 

less "urgent" knowledge. However, given the Federal government's 9 

five year planning horizon, the slow speed at which adjustments in prior-

. . d 11 . 1 0 h . f f. h . . 1hes an a ocahons occur, t en, 1 a 1ve to seven year or1zon 1s 

assumed, st and RA. are relatively independent.
11 

We have defined the following variables, 

st: the state of the world at time t . 

at: an experiment at time t 

P(st I at_ 1 , st_ 1 ): the likelihood of state st given experiment 

at_ 1 and state st_ 1 

9 
The Federal government funds roughly 60% of all basic research conducted. 

10 
Wildavsky (1964). 

11 
The independence of budget and research results is discussed in 
Section 3. 5. 



-22-

RX.: the amount of resources available for budget period A 

ct(at): the cost of experiment at 

and have conceptualized the dynamics of the process as: 

decision points 0 1 2 t-1 t t+1 T-2 T-1 T 

I I I 'V I I I ~ I I I 
decision periods 1 2 t -1 t t+ 1 T-2 T-1 T 

actions ao a1 a2 a at at+ 1 a a 

'\s "s '\: '\ \2 T-1\ 
states st 
revealed 1 2 st+ 1 ST-1 ST 

2. 2 The Axioms of Choice and the Ex~d Utility Theorem 

The scientist must select a sequence of experiments (a
0

, a 
1

, .. , aT _
1

) 

where the outcome of each experiment is not known with certainty. A 

function P(st I at_
1

, st_.
1

) captures the scientist; s subjective beliefs con

cerning the likelihood of the outcome given the initial state st_
1 

and ex

periment at_ 1 . Given these formalisms, how are the experiments to be 

compared? von Neumann and Morgenstern ( 1947) demonstrate the existence 

of an indexing function (utility function), defined over the outcomes, such 

that the optimum experiment for the scientist to conduct is the one which 

maximizes the expected utility of the research outcorrieo produced by the 

experiment, given the probability measure and given that the scientist's 

behavior conforms to a set of consistency· axioms. This section reviews 

one such set of axioms which allows the expected utility theorem to be 

proven and also, examines the plausibility of these axioms in the context 

of the individual scientist. 

'-'' 
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2. 2. 1 The Axioms of Choice
12 

Axiom 2. Complete Ordering of Actions. 

Given any two actions a' and a'', the scientist can weakly order 

the actions such that a' is not preferred to a" (written as a' ~a''), or 

a"~a', or else the scientist is indifferent between a' and a" . 

This axiom insures the existence of ordinal utilities or rank num-

bers. Not only must the scientist not refuse to compare two actions, 

but this axiom also requires that the comparison of acts be both transitive 

(e. g., if a'~ a", and a"~ a'", then a'~ a'") and reflexive (a'~ a'). 

There have been a number of tests of the transitivity assumption. Luce 

and Suppes (1965), Edwards (1967), and Fishburn (1968) all review the 

experimental evidence. In all experiments transitivity is violated with 

varying frequencies. A number of reasons as to why actual experimental 

subjects might violate transitivity have been presented: unstable tastes 

over time, learning, ill-defined or incomparable alternative choice sets, 

and the inability of subjects to cognitively compare multi-dimensional 

characteristics. But as a prescriptive theory of choice, as an ideal 

model of how actions ought to be selected, transitivity forms the corner-

stone underlying consistency (or rationality) of decision making. Without 

this consistency the rank ordering is not stable and economics as the 

study of the best allocation of available resources becomes impossible.lJ 

Axiom 3. Inadmissability of Dominated Actions. 

Experiment a is said to dominate experiment a 1 if some of the 

12 Th . t' h . e ax1oma 1c sc erne 1s based on Savage (1954) and Marschak,(1968). 
13 Marschak (1968), p. 43. 
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outcomes of a are preferred to some of the outcomes of a' and none 

of the outcomes of a' are preferred to those of a, then a must be 

preferred to a' . 

MacCrimmon (1968), in a study of 38 business executives, found 

26 violations of this axiom out of a possible 222 observations. But when 

the experimental subjects (the businessmen) had their inconsistency 

demonstrated, all of the subjects recognized the inconsistency as an error 

and changed their decisions as to eliminate the mistake. 

Axiom 4. Irrelevance of Nonaffected Outcomes. 

If two experiments a and a' yield some identical outcomes (with 

equal probabilities) and some different outcomes (with equal probability), 

then if a' is not preferred to a it is entirely because of those outcomes 

where the two experiments differ and not because of those outcomes where 

the two experiments yield identical outcomes. These identical outcomes 

are irrelevant to the choice of a over a'. 

This axiom is similar to both Arrow' s ( 19 72) and Savage' s ( 19 54) 

Conditional Preference Axiom. Most experimental violations of this axiom 

include choice situations which are fairly complicated. MacCrimmon 

(1968) found that 40o/o of the subjects violated this axiom. But this figure 

dropped to 14o/o when the error was pointed out. 

Axiom 5. Independence of Beliefs on Rewards. 

The scientist's subjective probabilities (likelihoods) of the outcomes 

from the experiment must de'pend only on the outcomes and not on the 

scientist's preference for or against an outcome. 
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This axiom rules out as irrational, scientific behavior which 

attaches a greater likelihood (personal probability) to those preferred 

outcomes and a smaller likelihood to those less-preferred outcornes. 

Most of the empirical evidence bearing on this axiom is based on the 

hfstorical record of research project managers attempting to estimate 

project completion date, and/or project specifications. Merewitz (1973) 

and Summers ( 1965) found that managers typically underestimate costs 

and completion times for not only research projects but public works 

programs. These two different trends of empirical evidence seem to 

suggest that managers and scientists in applied research violate Axiom 5 

by attaching low probabilities to least preferred outcomes (high costs and 

long completion times) and high probabilities to the most preferred out-

comes (low costs and short completion times). In MacCrimmon's study 

( 1968) this axiom was universally violated. But all subjects reversed 

their decisions as to eliminate the inconsistencies when the error was 

, demonstrated. 

Axiom 6. Continuity. 

Let + s denote the most prefer red outcome and s 

ferred outcome. Then for any other outcome s where 

the least pre

+ s :Ss:Ss ,. 

their exists a number p, 0 :s p :s 1, such that the scientist is indifferent 

between receiving the outcome s with certainty and receiving s with 

probability p and s + with probability 1-p. 

This axiom or some axiom like it, is necessary for the reduction 

of complex risk situations to certainty equivalents. MacC rimmon ( 1968) 

found five violations of an axiom similar in form to this axiom. Of the 
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five subjects who violated the axiom, four recognized the error and 

changed their decisions. 

The final empirical evidence bearing on the realism of the axioms 

as applied to scientists is a study by Moskowitz (1973). A laboratory 

experiment was conducted utilizing R & D managers from aerospace to 

determine the frequency with which they violated three axioms (transitivity, 

admissibility, consistency). Based on this limited study, Moskowitz 

concluded that even though axiom violations did occur (although no intrans-

itivities were noted), 

"Managers found decision-theoretic concepts generally relevant 
to their work and appeared most enthusiastic about the benefits of 
formally structuring decision problems. Most were planning 
further study of the subject in order to apply the concepts to their 
on-the -job decision problems." 14 

2. 2. 2 The Expected Utility Theorem 

Based on the previous work of vonNeumann and Morgenstern (1947) 

and their axiomatic scheme, numerous authors have derived the following 

theorem utilizing a set of consistency axioms. 

Expected Utility Theorem.
15 

There exists a numerical function 

U(s) unique up to a positive linear transformation such that a consistent 

or rational individual behaves as if he assigned numerical utilities U(s) 

to the consequences of his actions and chose the action with the highest 

expected utility. 

14 
Moskowitz (1973), p. 685. 

15 
The other variant of the expected utility theorem is due to Savage ( 19 54) 

who uses a larger axiom set to derive two theorems; the first, the exist
ence of a probability measure and the second, the expected utility theorem. 
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Consistency or rationality refers to whether or not the decision 

maker subscribes to the six axioms. If one of the axioms is violated, 

for example if irttransitivities exist, then the decision maker is behaving 

irrationally, as defined. If a particular individual chose war to work and 

work to leisure and war to leisure, many of us would question this person's 

preferences, but the individual is acting rationally. Thus, rationality or 

consistency defines the internal logic of the decision problem. 

According to Kaplan ( 1964) the process of science has a logic behind 

it. A specific methodology is said to be logical if it proceeds in a manner 

which does not violate the rules of its own logic. Kaplan points out that 

every dis~ipline has evolved an implicit or explicit logic of inquiry. 

However, occasionally, even among the most notable researchers, cer-

tain transgressions in the field's ''logic;" occur. The argument being 

forwarded here is that if the experiment is to be done "logically," should 

not the choice of experiment be conducted logically or rationally? The 

role of the above axioms is to explicitly define the "rationality" of choice 

among experiments. "Rationality, embodied in a set of axioms, refers 

to consistency as a normative interpretation."16 Savage (1954) goes on 

to argue that the axioms c.an be interpreted as a description of human 

behavior if one is willing to accept occasional transgressions. In much 

the same sense, we are trying to understand the scie!!tist's decision 

making process by modeling the choice situation. We would like to 

believe that the scientist usually acts in a consistent and thus, rational 

way when choosing between experi'ments. And in explicitly defining 

16 
Savage (1954), p. 20. 
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"rationality" we have adopted a set of well-known axioms. 

The decision rule implied by the expected utility theorem can be 

written symbolically as: 
17 

max 
a 

U(s) P(s I a) ( 2. 2) 

U(s) = U(s
1

, s
2

, .... , sT) is a cardinal utility functic;m, unique up to a 

positive, linear transformation. It is a complete ordering (and mapping) 

on the T-dimensional space, S; and as such it is a perfectly general 

representation of all preference functions which satisfy the axiomatic 

scheme and which have as arguments members of the set S. Implicit 

in U is the scientist's time preference for results. 

Utility depends on the entire path of states to be generated. The 

scientist needs only to select the current experiment, a 0 , and can defer 

all other actions until the results of this experiment becomes known. 

However, selecting the current experiment can materially affect the future 

state path. In the next section, an approach to solving this problem 

(equation 2. 2) will be presented which incorporates the future implications 

of the current actions. In essence, the problem is decomposed from a 

single maximization problem over a T -period horizon into T, single-

period maximization problems. 

2. 3 Determining the Optimum First-Period Experiment 

17 
This formulation, as we will see, is not quite correct. The scientist 

does not have to specify a complete tim~ path a= (a0 , ... , aT_ 1). Only 
a

0 
need be specified and at's for t > 0 are defer red until s 

1 
is revealed. 
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Before proceeding, we must introduce the budget constraint dis-

cussed in section 2. 1. 4. The variable zt is defined as the amount of 

resources ren1aining after t periods and is computed by the following 

difference equation. 

zt = zt-1 - ct-i(at-1) + rt-1 ' t = 1' ... ' T 

zt = 0 for t = 0, 'T, 'l'T • ••.. ' T-'T' ( 2. 3) 

~~A 
t = 0, T, 2T, ... ' T-T. 

rt = for 
otherwise, 

Where '\ = 11.!..11. 18 
D'ff t· (2 3) d f' (th 1'1. 'T 1 erence equa 10n . e 1nes zt e 

dollars remaining after t periods) to be the dollars at the start of period 

t, zt-i' less the dollars spent on the experiment ct_ 1(at_ 1) plus any new 

funds made available rt_
1

. Since we exclude any funds being carried over 

. to future budget periods, zt is set to zero every 'T decision periods. 

Furthermore, r t is zero for all periods except at the beginning of a 

new fiscal year and then r t = RA. 

The scientist is confronted with the one -period problem of what 

experiment to choose today. He is not forced to specify future actions, 

only a current action. Even though he is asked to provide a single period 

decision a
0

, the future implications of that action must be considered. 

By using dynamic programming 19 the effects of these future implications 

can be computed and an optimum solution to the first period choice 

problem can be provided. The procedure of dynamic programming 

18 II X II is defined as the largest integer in X. 
19 Bellman (1957). 
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starts at the end of the problem and works backwards. Or assume 

t = T-1 (we are one period away from the end of the horizon); state sT_ 1 

has been revealed; a record of all the previous states has been kept 

(e. g., 8T_ 1 = ( ... , sT_ 3 , sT_ 2 )); and a set of alternative experiments to 

choose from AT_ 1(sT_ 1) and the probability distributions ~(sTiaT_ 1 , sT_ 1) 

exist. The following optimization solves this one period decision problem. 

max 
aT-1 E AT -1 (sT-·1) 

L U(gT-1' sT-1' zT) P(sT I aT-1' sT-1) 
ST E' ST 

(2. 4) 

Since t = T-1, we know all the previous states that have occurred 

(s
1

, ... , sT_
1

) and we have a degree of belief over the final state,_ sT, 

then, we can evaluate U(s). VT_ 1(8T_ 1 , sT_ 1 ,zT_ 1) is a function 

which represents the maximum conditional expected utility of being 

at (S'T_ 1 , sT_ 1, zT_ 1) and having one final decision. to make. zT_ 1 

is defined as the amount of resources remaining after T~1 periods. 

By this process of working backwards, V t-
1 

is calculated as: 

vt - 1 ( s t- 1 ' s t- 1 ' z t- 1 ) ::: vt- 1 ( s t' z t- 1) = max 
at- 1 £ At -1 ( s t -1 ) 

~ Vt(st' st' zt)P(st I at-1' st-1) t=1, ... , T 

st £ st 

subject to: z = 
t 

V ( A )= {U(s 1 , ... ,sT) 
T ST, ST' ZT 

-00 

( 2. 5) 
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The two state variables st and zt are used to develop the recursive 

formula of Vt. Vt is an induced utility measure with the following mean

ing: Vt_ 1 (st' zt_ 1) is the best we can expect to do over the remaining T-t 

periods if the previous sequence of events is st and zt-1 dollars are 

remaining. 

The last equation in (2. 5) is the boundary condition on V T. By 

applying (2. 5) recursively, values for Vt can be determined such that, 

if the scientist were to find himself at any particular state (st' zt_
1

), 

then there exists an optimal decision at _
1 

which maximizes his expected 

utility over the remainder of the horizon. Thus, the formulation of (2. 5) 

decomposes the general problem of (2. 2), a single optimization problem 

over T periods into T, inter-related single-period optimization problems. 

In order to choose the optimum experiment to conduct in the first 

period, a
0

, the functions Vt, t= 1, ... , T must be computed. Once a
0 

has been selected and implemented, some result is produced s 
1

. At 

this point, another experiment must be selected a 1 from the set A
1 

( s 
1

). 

The question arises, can v
1

, which was calculated at "real time" t=O, 

be used in choosing a
1 

at 11 real time" t= 1? a 1 , calculated at time t=O, 

is only optimum at t=1 if the scientist does not revise his priors P, 

his preferences U, the state space S, future budgets, or the action 

alternative space A. When the original problem is solved for a 0 at 

time zero, the decision is based on all available information. But in the 

intervening time period, new information is received and thus, model 

revision can occur. In fact, we would expect the scientist to have read of 

some new research result causing him to revise S, or to have been 

informed of some new technology causing him to revise either P or A, 
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or to have been influenced by environmental factors causing him to revise 

U. If any of these revisions occur subsequent to selecting a
0 

but prior 
. 

to implementing a 1 , then the entire model must be reformulated and 

resolved, if a 1 is to be optimal. If the scientific process is .to be completely 

understood, then model revision must be incorporated. 20 

Using the general T -period model as formulated in (2. 5), the 

decision relevant set of information required to solve the problem is 

{P, S, A, R, ct: t=O, ... , T-1 }. The accounting system provides ct and 

thus is an integral part of the total information system. Without knowledge 

of ct' zt+ 1 cannot be estimated and future experiments cannot be planned. 

2. 4 Summary 

In the next two chapters, the T-period model developed in this 

chapter will be extended and some analytic results derived. This chapter 

has sought to conceptualize science as a decision making process and 

thus, the precepts of decision theory can be used to represent the choice 

problem confronting the scientist. The underlying premise of this 

approach.as applied in this research is individual scientific sovereignty. 

It is the individual scientist's own values which guide his research efforts. 

We have assumed that these values can be represented by a von Neumann 

and Morgenstern cardinal utility function. The scientist engaged in basic 

research ought to be concerned with the knowledge the research yields 

20 Mock ( 1971) tries to incorporate model reVlswns into a comprehensive 
framework. Specifically, he defines 11 model value of information'' and 
"action effectiveness of information. 11 
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and has the "right" or "freedom" to be the judge of the value of this 

knowledge. We are not imposing our values on the knowledge but we are 

postulating that the values of the scientist be formed in a consistent 

manner. By constructing this normative theory of decision making, the 

complexities and possible uncertainties attending the decision making 

process are placed into a logical framework, amendable to comprehensive 

analysis. The major components of the decision problem are presented 

and the relationship between the variables can be exp~r-essed in a precise 

analytic fram.ework. For example, one question we seek to explore in 

this thesis is how the budget should be allocated over the fiscal year. 

The normative model (Equation 2. 5) suggests this allocation cannot be 

divorced from the decision of choosing experiments over the fiscal year. 

In fact, the optimum allocation is really a stochastic process. The optimum 

first-period experiment a
0 

is selected and implemented. After the results 

of a 0 are known (and perhaps th~ model is revised), a
1 

is selected. But 

a
1 

depends on s 
1

, which is a random variable conditional on a
0

. There

fore, c
1

(a
1

) is a random variable as are c 2 (a
2

), .... , cT_ 1 (aT_ 1). The 

normative model suggests that the optimum allocation of the budget R 

over the fiscal year cannot be decoupled from the optimum sequence of 

experiments to conduct, and both the optimum allocation and the optimum 

sequence of experiments c~nnot be selected ex ante, but rather, they 

unfold sequentially as the state space is r.evealed. 
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CHAPTER 3. 
The General T-Period Model: Some Further Thoughts 

In the previous chapter, the scientists.' choice problem was formal-

ized as a discrete time, finite horizon, dynamic program which maximizes 

the scientists 1 expected utility over a T-period horizon. · An approach to 

computing the best action in the first period a
0 

was summarized in 

equation (2. 5). The purpose of the present chapter is to discuss some 

extensions, refinements, and pitfalls of (2. 5). The first section of this 

chapter considers the implications of some special classes of utility func

tions. For example, numerous authors 
1 

in the areas of finance, economics, 

and accounting have worked with additively separable utility functions. 

What special assumptions must be made if the scientist is to have an 

additive utility function and what affect does this special class of objective 

functions have on the general T-period model? Section 3. 2 integrates a 

recent paper by Marschak ( 19 73) into the formal analysis. In the next 

section 3. 3 the assumption of only one experiment being selected each 

period is relaxed. The model is expanded to include the possibility of the 

scientist selecting more than one experiment each period; in effect the 

scientist chooses a portfolio. The fourth section draws the analogy between 

the consumer and the scientist. The final section of this chapter raises 

the question of model operationality. Even if the scientist could supply 

the information required to drive the model and all the technical questions 

regarding violation of the axioms (see chapter 2, section 2) were solved, 

would the application of the model be cost-beneficial? 

1 
See Hirshleifer (1970) and Feltham (1972) for examples and references. 
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3. 1 ~plifications of the Utility Function 

In the previous chapter, the theory developed was based on the exist· 

ence of a multi-period utility function U(s 1 , .... , sT) = U(s). This function 

provides an ordering of the scientists' preferences over state-paths and 

includes among other things the scientist 1 s impatience between receiving 

a result early or late, preference of receiving one terminal result sT 

or another sIT, and preference to the amount of "bunching" of new know-

ledge over some time interval as opposed to receiving the new knowledge 

in continuous, equally spaced increments over the interval. We now 

consider some possible simplifications of the utility function U( · ). 

3. 1. 1 Non-Historic Utility 

In this case a class of scientists is assumed to .exist such that their 

prefe renee functions do not depend on the sequence or timing of all past 

results, but rather preferences depend solely on what the scientist knows 

now st_ 1 and what he/she hopes to discover st. This case assumes the 

scientist is indifferent between receiving knowledge in bunches and in 

receiving knowledge in continuous, equally spaced increments over time. 

This class of scientist evaluates proposed research projects in terms of 

. 2 
how "different" is an expected outcome. Ut(st-i, st) represents the 

2 
"Different" and "clout" refers to the notion of "advancing knowledge." st 
has more ''clout" or is a greater advancement of kno_v.:,ledge than sf: if and 
only if Ut(st-1• st)>Ut(st-1• st)· This should be contrasted with Marshak's 
(1973) usage of "startling". st is· no more "startling" than st if and only 
if P(st)>P(s~) where P(·) is the scientist's prior probability distribution 
defined over future states. The two concepts "startling" and ''clout'' are 
usually positively related. The more "startling" a finding the greater the 
"advancement of knowledge." However, to the extent a result has "clout" 
the scientist must not bias his subjective probability of the result. (e.g., 
see Axiom 5, Independence of Beliefs on Rewards, in Chapter 2.) 
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scientific "clout" of a new result irrespective of future or past revealed 

states. Long run goals, usually captured in sT, do not guide the scien

tist's research except to the extent that "clout" is perceived to exist 

along various paths. This form of ~he utility function might prove useful 

in an empirical study of academic journals' editorial policies regarding 

the acceptance/rejection criterion of submitted papers. Incorporating 

this class of utility function into equation (2. 5) yields model ( 3. 1). 

= max 

at-1 £ At-l(at-1) 

( 3. 1) 

fort=1, ... ,T 

VT(UT(sT-1' sT), zT) = UT(sT-1' sT) if zT? 0 

= - 00 if ZT < 0 

The value of achieving state (st_ 1 , zt_
1

) depends on the expected utility of 

st_ 1 and the expected future implications arising from st_
1 

(represented 

by Vt) and canst rained by zt _1 . 

3. 1. 2 Additive Utility 

Many authors when working with multi-period utility models express 

the utility in an additive fashion of the following form: 3 

3
See Hirshleiffer (1970), Demski (1972), and Feltham (1972) for examples 
and references. 
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If U(s) can be decomposed in this form, then the recursive formulation 

of the· last chapter can be represented as: 

(3 0 2) 

for t=-1, ... , T 

= -oo 

The assumption of additive utility reduces the amount of computation nee-

essary to arrive at an optimum solution since the dimensionality of Vt is 

greatly reduced and the analytic tractability of the model is increased. 

But in order to derive these benefits, .the independence of the state variables 

in the preference ordering must be assumed.
4 

For example, in the finance 

literature of consumption-investment decisions the utility of consumption 

this period is generally assumed to be independent of the amount of 

con~umption last period. 
5 

But in our example of the scientist's utility 

function, the independence of last period's result on the utility evaluation 

of the current period's result is questionable. This independence can be 

stated as 

( 3. 3) 

t=t, ... , T 

4 
Koopmans (1972). 

5 
Hakansson (1971), Rubinstein (1974), Hirshleifer (1970). 
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But from the previous sub-section 3. 1. 1 on a non-historic utility model, 

to the extent that a particular result "advances knowledge" or has "clout," 

then the independence condition (3. 3) is violated. If "clout" of a result 

affects the scientist's preferences, independence is violated and additivity 

,breaks down. Thus, for the general case, an additive utility function as 

a representation of preferences is more difficult to justify for fi scientist 

than for a consumer. 

3. 1. 3 Terminal Utility 

The final case to be considered is the one where the scientist is 

assumed to be concerned only with the terminal or final outcome, sT. 

The scientist is not concerned with the sequence of how the final state is 

reached, except to the extent the path probabilities affect the likelihood 

of achieving sT. Or, the scientist views the intermediate outcomes as 

merely means to an ultimate end. This concept can be captured as: 

t= 1, 2, ... , T -1. This assumption allows a fundamental 

change to be made in the structure of the T -period model. A utility 

measure for an intermediate result, vt' can be induced solely in terms 

of the scientist's preferences for the terminal state and the marginal 

conditional probabilities of the intermediate and final outcomes. Or, 

in general 

max 
at-1 e: At-1 (st-1) 

Vt(st' zt)P(st I at-1' st-1) (3. 4) 
for t=1, ... , T 



VT(sT, zT) = u(sT) 

= -00 

if 

if 

-39-

The assumption of terminal utility reduces the amount of computation 

needed to build up vt( · >, since vt no longer depends on the past sequence 

of states, st; and furthermore, the data requirements of the model are 

reduced since only u(sT) needs to be supplied and not U(s
1

, ... , sT). 

However, once this assumption is introduced the following 11 pathological" 

behavior can be generated. The model cannot differentiate between 

strategies which yield a terminal result early and then make no progress 

for the remainder of the horizon and those strategies which achieve the 

same result near the e.nd of the horizon. One way to overcome this 

objection is by shortening T to say 18 months or 2 years or less. If the 

horizon is short enough, the effect of time preference on the utility function 

should be negligible. 

Since all of the above simplifications produce various undesirable 

model implications, the r~mainder of the thesis will not assume any 

specific simplification of U(· ). However, in the next chapter when some 

short-run models are constructed by collapsing the time horizon, the 

simplification of a terminal utility function is employed. 

We now consider a recent paper by Marschak (1973), "Information, 

Decision and the Scientist. 11 In this paper, the scientist's one period 

decision problem is conceptualized as a choice of information system and 

a choice of action. Since this paper uses the decision-theoretic approach 

and many of our variables, the next section incorporates Marschak's 

model into our general T-period framework. 
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3. 2 Marschak' s "Information, Decision and the Scientist" 

In this paper Marschak is concerned with how scientists choose 

between hypotheses, "What set of mutually exclusive and exhaustive hypo-

theses should be tested? What kind of evidence should be collected for 

> 

the test? (And) what hypothesis should be accepted?" He examines some 

of the proposed criteria from the literature on the philosophy of science 

using the constructs of information economics. One of the criteria he 

examines is "choose the hypothesis wbich is apriori less probable (and 

'more surprising' ) , " and he finds conditions on which the "surprise" 

criteria is optimal, but in general it is not. In the process of investigating 

this criteria, the paper sets out a one period model of decision making in 

science. 

The following notation refers to a one period decision problem: 

yEY 

s E S 

f3(s, y) 

P(.) 

hEH 

eEE 

benefit-relevant-event (the "true" state of the world) 

benefit- relevant-action (the state of the world the 
scientist perceives is the correct one) 

benefit function (utility function) 

probability measure 

hypothesis 

evidence from experiment E 

By noting that H partitions Y then the value of conducting experiment E 

and choosing question H is given by 

6 ( 3. 5) 

The benefit function (utility function) depends on the action taken and the 

6 
Marschak assumes the following two conditions to derive this formulation: 
(1) P(e jh, y) = P(e jh) and (2) f3(s, y, h) = f3(s, y). 
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true state of the world (event). The action is a statement by the scientist 

regarding what he considers the "true" event or the "true nature of the 

world" to be. Marschak considers the case of the "pure truth-seeker" 

where any right action is equally good .and any wrong action equally bad. 

Or, 
1 13( s.' y.) = ~ .. = 0 

1 J 1J 

Later, Marschak relaxes this to 

i = j 
i -1- J 

!3(s., y.) = 0 .. r(Y) 
1 J '1J 

(3. 6) 

( 3. 7) 

where r(Y) is the scientist's assessment of the importance of studying 

problem Y. 

Equation (3. 5) structures the choice problem into two decisions. 

Having chosen the question H and having performed experiment E, then 

(1) given a piece of evidence e, which h to accept, and (2) having accepted 

h, which s to choose (e. g., the particular s must state which is the true 

y). The dynamics would be introduced by allowing s to be "defer 

judgment." 

Relating this paper to. our T-period model, in equation (2. 5) the 

scientist chooses an action a (an experiment), waits one decision period 
t 

and receives state of the world st+ 1 . Marschak' s model incorporates the 

concepts of evidence, hypotheses, and experiments. The scientist selects 

an experiment and set of hypotheses (E, H), generates some evidence 

e E E, chooses an hypothesis hE H, and then based on this hypothesis 

must select an event as being the "tr'!le" description of the world. The 

scientist's payoff is in terms of whether his judgment of the true state (or 

event) is correct. Nowhere in Marschak 1 s model is the true state ever 
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7 
revealed; therefore, confirmation and eventual payoff may never occur. 

However, Marschak 1 s model does relate hypotheses, experiments, 

evidence, and states of the world. In terms of our T-period notation, 

at consists of (E, H) and the scientist must also select st+i. st+i is 

the scientist's perception of the state of the world (chosen on the basis of 

E and H) at time t+ 1. Our T -period model allows the scientist to choose 

the problems he wants to investigate. Our payoff function defined over 

st (t=1, ... , T) is general enough to handle Marschat<'s p(s, y), although 

Marschak' s representation of the "pure truth-seeker" as a "satisfying 

bettor" having p(s, y) = 0 is an interesting simplification of the utility 

function. 

Marschak' s model is viewed as being embedded in the T -period 

model, specifically, it expands and explains the process of choosing at 

and receiving st+i, which is not "absolute truth" but rather the scientist's 

"best" judgment of "absolute truth." 

3. 3 The Theory of Consumer Choice 

In this section the scientist's choice problem is compared to the 

choice problem confronting the consumer. This analogy is drawn to 

further support the T-period model and also·derive results in later 

chapters. In Chapter 4 the T-period model will be transformed from a 

model with an objective function defined over states of the world to a 

model with an objective function defined over spending patterns. This 

section reviews some of the economics and finance literature dealing with the 

7 The scientist in fact may choose an a which may be very hard to 
confirm, thus postponing the final ''judgment" of his research. 
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consumer's problem of maximizing a utility function defined over com-

modities and how various authors have transformed this problem into a 

model of the choice over time -dated consumption patterns defined not on 

packages of com1nodities at each point of time, but rather on dollars 

spent on consumption in each period. 

The consumer 1 s choice problem, relying on the theory of utility has 

been investigated by numerous writers. 8 The amount allocated to the 

various comnwdities (bread, housing, clothing, etc.) depends on the relative 

prices, the consumer's preferences, and the total budget. The optimum 

solution yields an allocation such that the marginal utilities of the last 

dollar spent on each commodity are equal, if preferences are convex. 

Shifts in prices or income cause the allocation to change in various ways. 

Analytically, the consumer's problem may be stated as 9 

( 3. 8) 

subject to 

where: 

8 

Ut(x1t' · 1•• ,xnt)- utility function defined over the commodity 
space at time t 

xit - the quantity of the ith commodity at time t 

pit - the price of the ith commodity at time t 

Rt - the amount of income consumed at time t 

For example, see Samuelson (1947), Hicks (1946), an.d Fishburn (1968) 
for a literature review. 

9_Rubinstein (1974). 
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From (3. 8) Ut(Rt) is an induced utility function determined by the opti

mization process of selecting {xit'~} . Based on various separation con

ditions, an intertemporal, cardinal utility function U(R1 , ... , RT) can 

be derived which represents the preferences of a consumer to spend R 1 

on consumption in period 1, R
2 

in period 2, .... , RT in period T. U 

is induced from ut by the optimization procedure of (3. 8). Or alterna,. 

tively, embedded in U is the assumption that at each decision point, the 

consumer selects the optimum allocation ·of Rt over the commodity space. 

Fama ( 19 72) also deriv
1
es induced utility functions for consumption from 

preferences over consumption bundles, prices, and budget constraints, 

but under uncertainty regarding the budget and prices. 
l 

Returning now to our scientist, we have postulated his utility function 

to be defined over time-dated research results U(s
1

, ... , sT). This is 
I 

analogous to the consumer's preference function defined over a commodity 

space U(x
1

, ... , xn). Just as Rubinstein (19 74), Fama ( 19 72), and others 

have derived induced utility functions for consumption U(R), an induced 

utility function for the scientist [W(c
1

, ... , cT) for allocating ct to research 

activities in period t] can be derived. Embedded iri W is an optimization 

problem of selecting the optimum set of activities in each time period 

analogous to the consumer's problem of selecting an optimum consumption 

plan. We will defer the development of this line of reasoning until section 

3 of Chapter 4. However, there is a very close analogy between the theory 

of finance dealing with consumption-investment decisions and the norma-

tive theory of decision making in basic science being developed there. 

We now return to the general T-period model. 
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3. 4 Extension to Portfolio of Experiments 

In the T-period model the scientist is viewed as choosing an exper-

iment at for t=O, ... , T-1. Section 3. 2 incorporated Marschak 1s (1973) 

single period model into our framework by considering at to be composed 

of at =(Et' Ht) where the experiment is Et' the problem is Ht' and the 

final action is st+ 1 (the choice of state) .
10 

This section exp?-nds the T

period model by allowing the scientist to select several experiments 

simultaneously. Thus, more than one Et and Ht are selected. The 

scientist may be conducting several experiments and testing several 

hypotheses jointly. In order to capture this further complexity at will 

be redefined as a portfolio of experiments conducted during period t at 

. the end of which st+i results. 

3. 4. 1. Portfolios of Experiments 

The kth experiment can be conducted at one of a finite number of 

k ( k k k ) th . intensities. Let At = aOt' aft' ... , aMt denote the k- exper1ment and 

its possible intensities. By convention a~t is the zero intensity and 

ct( ·) is the cost function 

ct (a~t) > ct(aft) 

ct (a:t) = 0 

for i > j i,j=O, ... , M 

for all t=O, ... , T-1 and all k. 

Each experiment A: is visualized as being composed of M+1 mutually 

10 
Using Marschak's framework, the resulting state of the world s +

1
, 

recall, is in fact chosen by the scientist. This may appear strahge 
until one asks - how is the true state ever revealed at all? Is there 
absolute truth in Reichenbach's terms? (Popper ( 19 59) and Reichen
bach (1949)). 
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exclusive and completely exhaustive intensity levels. 

Assume there are N different experiments available each time 

period. At= (A~ •... , A~ •... , A~) Finally, let atE At denote a portfolio 

of experiments where at= (a it' ... , a~). Thus, at is a vector of exper

iments, experiment one is run at the ith intensity, .... , experiment N 

. t th" . th . t . "t 1s run a e J- 1n ens1 y. We would expect most of the a~t to be a~t or 

the zero intensity (e. g., the experiment is not conducted.) But in many 

cases, scientists may be working intensely on one or two major experi-

ments but still devoting limited resources to "promising" new ideas or 

doing "exploratory" studies. By introducing this concept of portfolios, we 

can capture this "diversification .'' 

Incorporating portfolios into the T-period model produces the 

following recursive formula similar to equation (2. 5). · 

={U(s 1 , ... ,sT) 
-00 

for t=1, ... ,T 

if 

if 

At_ 1 ( st_ 1) denotes the N -space of alternative experiments which depends 

on the previously revealed state. This can be quite an involved maxim.i-

zation problem depending on the size of N and M; but once the optimum 

11 
portfolio at has been selected, its cost is computed as ct_

1
(at_

1
). 

11 i 
In general ct(at) "I .2: ct(aJ·t) since many experimental packages contain 
common costs. 1= 1 
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Although the scientist must choose the vector at_
1

, for our purposes we 

shall conceptualize the problem as a decision involving how much to spend 

ct_
1 

in period t. The choice over portfolios becomes embedded in the 

model.- Whenever ~ax is written, the reader is reminded that in order 
t-1 

to perform this optimization problem a determination of the optimum 

portfolio of experiments is really required. The resulting formulation, 

using the more general specification of the utility function and conceptual

izing the choice of porfolios as the choice of spending, becomes 

(3.1 0) 

zt =zt 1 - c + - . t -1 
for t= 1, ... , T 

and the usual boundary conditions.· Equation (3. 10) will be used to deter-

mine. the conditions which precisely exhaust the budget. 

3. 4. 2 Exhausting the Budget 

Consider the following function of ct_ 1 
for given 

12 
for t = T, 2-r, ... , T. 

(3. 11) 

Equation (3. 11) focuses on the expected payoff in the last decision period 

of each fiscal year. Since any unspent funds revert back to the budgeting 

12 
T, recall, 1s the number of decision periods per budget (fis.ca1) period. 
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agency (e. g., zt=O for t=r, 2r, ... , T), then the following question is 

oQ (Ref. 13) 

-=--t- > 0 
()ct-1 

t = r, 2r, ... , T? (3. 12) 

Condition (3. 12) is equivalent to assuming that Qt is strictly monotone 

increasing in ct_ 1 . Or, the scientist can increase his expected payoff by 

increasing the amount spent, in the last period of the fiscal year. Increasing 
, 

the current period's spending in mid-year can decrease total expected 

utility by reducing the amount available for experimentation in subsequent 

periods. Thus, equation (3. 12) does not hold in general for all t=1, ... , T. 

But in the last period of the year, since zt =0, for t=r, 2r, ... , T, subsequent 

periods are not affected by increases in this period's spending. Condition 

(3. 12) might possibly be violated if the unspent funds in the last decision 

period of the fiscal year are very large and inordinate real resources 

(e. g., the scientist's own time) must be devoted to finding outlets for these 

unspent funds. However, for moderate zt-i (t:::T, 2r, ... , T) condition (3. 12) 

is expected to hold. 

One way of insuring (3. 12) is to have either a large number of experi-

ments N, or a large number of alternative intensities M for a few ex-

experiments, or both. If M+N is small and 

i=1, ... ,M 
k=1, ... ,N 

(3. 13) 

for t:::r, 2r, ... , T , 

13 
In the present case, ct_ 1 is not a continuous variable, thus the deriva-. 

tive does not exist. However, under appropriate assumptions, discussed 
later, it is meaningful to consider this derivative. 
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then the set of possible portfolios At contains indivisibilities prohibiting 

the budget to be exhausted and condition (3. 12) not holding. However, as 

M+N becomes la.rge, ct_
1 

approaches being a continuous variable and 

it becomes meaningful to form the derivative in equation (3. 12). 

Assume N+M is large and also that Qt is strictly monotone increas-

ingm ct_ 1 . The budget constraint, stated as z ~ 0, prohibits budget 
. t 

overruns; only a budget underrun in the last period can occur. Since 

N+M is assumed large the scientist can always find an experiment with 

a higher level intensity in the last period of the budget (fiscal) period which 

will exactly exhaust his budget and at the same time increase his payoff 

(Qt is strictly monotone increasing in ct_
1 

for t=T, 2T, ... , T). 

If the scientist has available to him a large number of projects or 

if the projects are of such a nature as to allow a wide latitude of varying 

intensities and the expected payoff increases with increased expenditures, 

. 14 
then we would expect the scientist to consume all of his budget. 

3. 5 Evaluation of the T-Period Model 

The normative model seeks to describe how scientists ought to choose 

among alternative experiments given well-defined preferences and beliefs, 

well-conceived experiment-state sets At(st)' and costless analysis. This 

14 This model derives the result of a completely consumed budget by assum-
·ing the continuity (e. g., divisibility) of ct (e. g., N+M becomes large) and 
the strict monotonocity of Qt with respect to Ct for t=r, 2-r, .. .' , T. However, 
ail alternative explanation of a consumed budget can be made 1f durable 
factors of production are introduced into the model. In this way ''sa vings 11 

between period T and T+1 can be accomplished by purchasing inventories 
of factor inputs expected to be used in forthcoming research projects. If 
these durable factors are highly divisible, then the budget again will be 
completely consumed. 
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normative theory is not a description of how scientists actually make 

choices nor is it a model of how they ever could make the choices. By 

constructing this model, the complexities and possible uncertainties 

attending the decision making process are placed into a logical framework, 

amendable to comprehensive analysis. Furthermore, the general T -period 

model is an "ideal" decision model in the sense of guiding the choice sit

uation, if all the prerequisite information existed and analysis was cost

less. The T-period model selects the optimum set of experiments to 

conduct in the first period given the scientist's current values (utilities) 

and beliefs (subjective probabilities, expected cost functions, budgets, 

and alternative experiment sets.) However, there are several limitations 

in the present formulation. These can be dichotomized into technical and 

operational limitations. 

The technical limitations include ( 1) the choice of parameters in 

the utility function, (2) the independence and exogenous nature of R>... (the 

level of the budget in fiscal or budget period A..) given prior results st and 

there is :rio budget uncertainty, (3) no inventories, and (4) the liart" of 

science. 

( 1) It might be argued that the scientist's preferences are not only 

over the states of knowledge S but also includes his level of personal 

income, the size of his research group, or even his prestige in the scien

tific community. To limit the preference function to states S may seriously 

misrepresent the real world in some cases. Two arguments can be given 

to counter this objection. First, this is a normatlve model of how scien

tists ought to behave. We are trying to model Marschak 1 s (1973) :'pure 

truth-seekertl who really should not be interested in maximizing the level 
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of his income. Second, to the extent the scientist's preferences are 

influenced by non-scientific considerations, then these extra-considerations 

are affected by the states produced. The impact of states on non-scientific 

considerations can be impounded in U(·) defined only- over the states or 

they can be included in the state descriptors, For example, assume the 

scientist prefers more income to less, then he will probably weight those 

research questions expected to produce greater income higher in U(·) 

then those research topics expected to produce lower incomes .. Likewise, 

to the extent the scientist is concerned with scientific prestige or empire 

building, he will weight those research results st' leading to greater 

prestige or larger research groups more heavily in his preference order

ing. We can view these extra -scientific considerations (income, prestige, 

empire building) as being explanatory variables in how U(s) is determined, 

but to include these variables in the preference function as U(s; income, 

prestige, group size, ... ) adds little to the model since we would have to 

consider them ceteris paribus. 

(2) The size of the budget RA. is considered to be exogenous and 

known with certainty. Both of these abstractions are open to criticism. 

The certainty assumption is relaxed in the next chapter. The magnitude 

of R is affected by many outside forces, but it is also dependent, especially 

in the long-run, on the research results being produced and the "value" the 

allocation system places on these results. Thus, future R depends on 

current st' To the extent the scientist perceives this relationship, he 

may alter his preferences and attach greater utility to those findings which 

might yield larger f~ture R. Thus, the dependence of RA. and st is 

informally incorporated in the model via U(· ). The .model could be adapted 
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to formally recognize this dependence by specifying a new conditional 

probability distributwn P(RA.I st). 

(3) The model does not recognize inventory build-ups at year-end 

as a means of meeting the budget constraint. (See footnote 14) This limi-

tation could be eliminated by introducing a third state variable It, the 

level of durable factors of production. 

(4) The model appears to ignore what can be called the ''art of 

doing science.'' The T -period model gives the impression that doing 

science is a cut and dry process and could be reduced to a computer program. 

After discussing the operational limitations of the model, an implication 

stemming from this study is the extent of the complexities of science. 

This analysis illustrates that doing science is an "art''. How does the 

scientist formulate the probabilities? Perhaps the distinction between a 

genius and a mere talent is the ingenuity in the formation of the sets At(st). 

An "insight" might be a positive probability attached to P(stj at_ 1) as 

opposed to zero. The model is mute on how the scientist generates the 

model's data, not in reaching a decision 
15 

once all the data has been 

assembled. 

Turning now 

mately involve the 

to the operational difficulties 

ff . 16 f . cost-e echveness o us1ng 

of the model, these ulti-

17 
a ''complete" model. 

The scientist must choose what experiments to conduct and the resulting 

15 
The decision making process may still be an ''art'' in a multiperson 
context. 

16 
Demski (1972) and Feltham (1972). 

17 
"Complete;' refers to the general model under costless analysis. Thus, 
the ' 1complete'' model is not really complete. 
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allocation of his budget over the fiscal year. But he also must decide how 

he is going to make this decision; what formalisms is he going to use, 

what analysis to perform? In essence, he must choose between various 

decision 'strategies. Should he randomly select the experiment to conduct, 

or, take the least cost experiment, or choose the one with the shortest 

• 
running time? Once a decision strategy is chosen, it is then applied to 

select the experiment. We assume the informal model the decision maker 

employs to s~lect a decision strategy is a cost-effective framework. The 

costs of using a particular decision strategy include the information costs 

of generating the model· s data and the processing costs of calculating a 

decision. On the other hand, the effectiveness of the model includes the 

"value" of the expected decisions reached by the application of the model. 

If a decision strategy is not cost-effective, then the decision-maker will 

not use the particular strategy. 

If this cost-effectiveness meta-model is applied to the operationality 

of the "complete'' T-period model (equation 3. 9), the following analysis 

results. The costs of the 'complete" model include the information costs 

and processing costs. Included in the information costs is the time required 

by the scientist to list the various alternative paths, the required relation-

ship patterns At(st)' and the disjoint sets of states St. Even for a mod

erately sized problem of say five years, there can easily be several hundred 

nodes requiring conditional probabilities. For each different path (with a 

non-zero probability) a utility assignment must be made. Apart from 

the theoretical questions attached to trying to empirically formulate P( ·) 

and U(· ), 
18 

the time required to specify P(· ), A(• ), and U(·) initially can 

18 See chapter 2 for some of these theoretical problems. 
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be tremendous and at each decision period, after new information becomes 

available, P(· ), A(·), and U(· ), can be revised, requiring additional time. 

Unless, a special class of utility functions can be justified for a particular 

scientist (e. g., non-historic, additive, or terminal), the task of deriving 

the multi-period function requires numerous pair-wise comparison gambles; 

thus greatly inc rea sing the cost of analysis. 

The cost of processing the data once it is generated can be enormous 

due to the dimensionality of the problem arising from the <;:ombinations of 

the paths. Thus, the total cost of the complete model, conceivably can 

be quite large. One way to reduce ·the cost is by 11 pruning of branches'', 
19 

or by eliminating those dominated actions. Unfortunately, in order to 

''prune'' an action, its data must still be generated and limited processing 

done to determine if it is dominated. 

Turning to the effectiveness side of the meta-model, the complete 

T -period formulation will select the optimum first period act ion, given 

the data. The data consists of subjective probabilities on future events; 

however, the scientist has very·little past experience to guide him in 

estimating these hkelihoods (e. g., what is the probability a new drug, 

never before tried, will be effective in rats). 1£ the scientist can only 

differentiate between experimental outcomes on the basis of those that are 

more likely and those that are less likely, then the probability measure will 

be a step function and in some instances may even be un1form. Likewise, 

since the scientist should be nearly indifferent between many of the paths 

19 
Raiffa (1968), p. 242. 
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(e. g., we would not expect him to prefer one drug over another, or one 

description of the world over another), many of the utilities of paths are 

nearly equal. When a calculation of the expected utility bas.ed on nearly 

equal probabilities and nearly equal utilities is performed, the result is 

that two actions will have nearly equal expected utility. The difference 

between the optimum action and the next best action may be quite small. 

The ''resolution'' of the model falls and thus, the benefits attached to using 

the ''complete'' model, in terms of foregone optimum actions, is decreased. 

''In balancing the cost of analysis with the cost of decision error, the 

20 
decision maker stops short of a complete specification of (the problem).'' 

Marschak has reached the same conclusion. 

Admittedly then, detailed scientific planning over a wide time 
horizon is difficult or unfeasible, -or, what is the same thing, 
its cost is prohibitive -- given the psychology of men and the 
physics of computers.21 

Thus, from a cost-benefit perspective, the ''complete'' model is 

sub-optimum. However, this is not to say that the decision-theoretic 

formulation should be disregarded or that the preceding analysis has no 

value. Our purpose in constructing this model is to develop a logical 

framework of the scientist's total problem: what are the major components, 

the set of decision-relevant information, the uncertainties, the dimen-

sioriality, and the dynam~cs of the decision situation. This analysis 

illustrates the difficulties associated with doing science. Before a com-

prehensive study of the small "parcelled-out" problems facing the scientist 

can begin, a very general, macro-model is useful not only to aid in how 

20 
Demski, et. al. ( 19 72), p. 36, Chapter 2. 

21 
Marschak (1973), p. 33. 
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the total question is to be "parcelled out," but also to help relate the 

various research findings of the "smaller" questions. The general T-

period model has very little descriptive ability; but then, it was never 

intended to have much descriptive content. On the other hand, the model 

might be useful in certain limited prescriptive situations: where a scientist 

has a small number of alternatives (e. g., 4 or 5 alternative trajectories 

for a satellite) and the time dimension is limited to a few sequential 

decisions, then the application of this decision-theoretic model can 

provide a useful framework to aid the scientist in his choice. 

3. 6 Summary 

This chapter has presented some further thoughts regarding the 

"complete" To-period model. Some special classes of utility functions 

were introduced and the pathological behavior, if they were adopted, was 

considered. Also, under what circumstances does it seem appropriate to 

use any of the special classes was addressed. A recent paper by Marschak, 

was integrated into the framework. The theory of the consumer as a 

chooser of a multi-commodity bundle of goods was likened to the scientist 1 s 

problem of choosing a time-dated path of research results. The T-period, 

single experiment model was extended to a multiple experiment model. 

Finally, the operationality of the model was considered. We would not 

expect in general that the scientist 1 s actual decision strategy to resemble 
I 

the T-period model because the "complete'' model is not cost-effective 

due to its information requirements, the combinatorics of the decision 

problem, and the "resolution" of the model in terms of expected utilities 

when the probabilities and preferences are nearly uniform over a large 
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number of the paths. Although the T-period model is useful in helping 

us to structure the scientist's total problem and might have some 

application in limited decision contexts; in general, as a prescriptive 

tool, the T-period model is too general to provide much insight or 

guidance. 



-58-

CHAPTER 4o 
Transformations of the T-.period Model 

The "complete" T-period model is not cost-effective and there-

fore, its usefulness for arriving at a well-structure view of reality of 

the decision making process of scientists is restricted. This chapter 

introduces some modifications to and transformations of the T -pe nod 

formulation in order to derive some descriptive models which better 

predict actual behavior. There are four sections, the first three trans-

form the T-period model into a two period model by first collapsing 

the horizon, changing the decision variable· from experiments to spending, 

which was accomplished in Section 3.4 but here the notion of managing 

the input portfolio is introduced, and in the third section "budget un-

certainty" is introduced. A two-period decision model is derived, some 

analytic results proved, and some empirical evidence supporting the 

analytic results presented. In the fourth section, the short-run model 

is transformed from one of maximizing expected utility to a model of 

minimizing processing costs. 

The short-run decision problem facing the scientist is conceptualized 

as the management of the portfolio of inputso The actual decision strategy 

of how the research budget is allocated over the fiscal year is viewed 

as choosing an allocation procedure which is cost-effective. Chapter 5 

describes such a model. 

4. 1 Collapsing the Horizon: T = T'< T 

One of the principal problems of the T- period model is the com-

plexity of t!_le network as T becomes very large. The costs of specifying 
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the system become enormous as the combinations of the paths increase. 1 

Therefore, one way of overcoming this problem is to allow T = T' < T, 

or only deal with one budget period, a fiscal year. Once the horizon 

has been truncated to a fiscal year, the problem of specifying a utility 

function must be addre~sed. Previously, we have employed aT-period 

(where T is 5 to 10 years) preference function U(s
1

, ... , sT) defined 

over state paths. But if the horizon is truncated to say a year, ·we 

cannot simply ignore the latter portion of U(s). We cannot merely use 

U(s1 , ... , sT 1) as a preference function for the collapsed problem. 

In the T-period problem we employed the method of dynamic pro-

gramming and by working backwards were able to formally induce a 

preference function Vt(st, st, zt) which is the maximum expected utility 

of being at the intermediate node (st' st' zt). In much the same way we 

argue, does the scientist informally induce a utility function for an 

outcome in the collapsed horizon. T' = T, zT' = 0 an~ the informal 

induction process focuses on the "future" possibilities arising from 

sT' (where T' represents a one year horizon). Furtherm.ore, if we 

assume that in the short-run period of a year, the intermediate results 

st for t < T' do not count, then we postulate the existence of an inform

ally induced preference ordering U' satisfying the Marschak consistency 

ax~oms, U'(sT 1 ). The reader is reminded that U' is informally induced 

by the scientist from U. 

Once the horizon is collapsed to a budget period and U' established, 

1 See Section 3.5 dealing with the operational difficulties of the 
"complete" T-period model. 



-60-

the enormity of specifying the network and the associated path prob

abilities and preferences is greatly reduced, since the number of nodes 

declines drastically. (The number of nodes is usually a power function 

of the number of periods. ) 

4. 2 Change of Decision Variables: at to ct 

This simplification was previously introduced in Section 3.4. In 

the single experiment model, the scientist chooses experiment at. 

But when the portfolios are introduced, the decision variable in the 

model becomes ct' the cost of the experiments· conducted. This sim

plification assumes that really a portfolio optimization is occurring, 

but is imbedded in the model and an abstraction can be made such that 

the decision variable becomes ct. But actually, the change from at 

to ct contains many more subtleties than merely imbedding one optimi

zation problem (the choice of portfolios) into another model and calling 

it "choice of ct." In order to examine these subtleties we will momen

tarily digress. 

Of principal concern to the scientist is the future state paths 

generated (the production of knowledge). The state paths with greatest 

utility, we assume, contain anomalies (unanticipated results). Since 

the scientist cannot differentiate paths on the basis of whether they 

contain or do not contain anomalies, the best he can hope to do is to be 

in a position to recognize and exploit anomalies when they occur. The 

scientist hopes to have the necessary research skills or potential to 

conduct further research into any findings which are unexpected and 

thereby understand how the discovery relates to current theory. 



-61-

Although the exact nature of the anomaly cannot be predicted, the scien-

tist "feels" that having a statistician or a particular instrument at his 

disposal would allow him to exploit an anomaly when it occurs. Thus, 

in the short-run the scientist does "normal science"
2 

(where there is 

very little uncertainty regarding the outcome of the cur rent research)· 

in order to manage the portfolio of research skills. The cur rent ex-

periment or portfolio of experiments at is chosen, not so much because 

of what the scientist hopes to learn from the experiment st+ 1 , but rather 

to maintain and extend the research capabilities of the group. In order 

to enrich the model and to capture this notion of management of research 

skills we will consider the short-run result st to contain the state of 

the scientist's research potential Xt. Or, Xtc st; Xt is a vector of 

the factor inputs available at time t. Xt = (xit, ... , xmt) where xit is 

ith input at time t. Therefore, part of the description of the state 

space st contains a description of the portfolio of inputs Xt" We assume 

the scientist has a well-defined preference function over the expanded 

state descriptor that can be represented by U'(sT,) where sT,,:) XT'. 

(U' is not the derivative of U.) 

The portfolio of inputs Xt is viewed as the key to basic research 

and becomes the short-run problem facing the scientist. In the current 

time period the scientist chooses a vector of inputs, but in basic science 

markets do not exist in which technical specialists can be hired or 

unique instruments purchased. A research manager may have to send 

a colleague to another laboratory to acquire the technical competence 

2 Kuhn (1971). See Chapter 1's discussion of basic science (Section 1.3). 
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of a developing methodology. In a very real sense, the research 

manager (in our case --the scientist) must evolve, re-educate, and 

balance his team of researchers such that their combination of unique 

talents can be brought to bear on not only the existing, but also the 

anticipated research problems. 

Xt evolves slowly over time because of the enormous transaction 

costs involved. One does not replace a theoretical, high energy physicist 

with an experimental nuclear chemist very often nor very inexpensively. 

Furthermore, given both the time required and the staggering develop

ment costs of designing totally new computer software, it is very unlikely 

that major equipment changes occur or existing software libraries are 

scrapped. Rather, the usual experience is an evolving computer center; 

a larger or faster central processor unit is added, more input/output 

devices are purchased, and also, library maintenance and modifications 

are performed. Thus, between Xt and Xt+i, very few changes occur. 

But over a five year horizon, the input portfolio can change drastically. 

The decisions to change the composition of the portfolio of inputs 

is the central issue surrounding the short-run management of basic 

research for this changes the future research potential of the group. 

Xt can change, but only at substantial cost. To model and analyze this 

input portfolio decision we really need to formulate a dynamic control 

problem and to gather data on how the scientist has actually altered his. 

portfolio of factor inputs over time. This, unfortunately, is beyond 

the scope of the present study; but any additional research into the 

management of basic science must come to grips with the dynamics of 

how to change the input portfolio given the transaction costs, what are 
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the important trade-offs and how does one go about modeling them. 

Closely associated with the change in decision variables from at 

to ct as we move from the long-run to the short-run is the change in 

the nature of the uncertainty. In "the long-run, the random variable in 

the model is the state of the world, st. But as the time horizon is 

collapsed to say a year, the uncertainty surrounding the outcome sT' 

diminishes significantly. The scientist usually i'knows" what the outcome 

of the current experiment will be; he "knows" where he will be in a year. 

This is not to say there will not be "surprises"; it is just that in the 

short-run, the importance of the uncertainty surrounding the state 

variable sT', in terms of its impact on the decision making behavior 

6f scientists, is diminished. In the short-run model to be developed 

in the next section, we assume that state uncertainty does not exist. 

P(stjct_ 1 , st_ 1) = 1 or Oforall stc::St and ct_ 1 and st_ 1 , t= 1, ... T' 

(e. g., the scientist can state deterministically, the exact outcome 

which will be produced given the experiment or spending level). 

4. 3 Introductfon of Budget Uncertainty 

In the short-run period of a fiscal year (T 1 = T) the scientist's 

research budget R is not known with certainty, but varies due to the 

following four institutional factors. 

(1) Although the budget for the entire laboratory has been sub

mitted to the AEC and the authorization bill has been pas sed and 

signed, the appropriation bill does not become law until usually 

six months after the fiscal year begins. Agencies of the Federal 

government "assume" the appropriation bill will be identical to 
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the authorization, although there are usually small adjustments 

maq.e and they are thus forced to operate during the first half of 

the fiscal year without a precise knowledge of their ultimate legal 

spending limit. 

(2) In recent years, the executive branch has impounded funds 

which have already been both authorized and appropriated as an 

"instant" fiscal policy tool. Instead of reducing next year's budget 

as a brake on next year 1 s economy, the current year's spending 

is impounded to immediately reduce government spending and thus 

slow the economy. 3 The impact of this new fiscal policy tool is to 

increase the uncertainty in the budget, especially to ske"Y the 

distribution to the left since the policy only freezes funds and does 

not increase spending over the legal limits. 

(3) Both the AEC and top management at LBL are continually 

shifting funds between laboratories in the former case and shifting 

funds between research groups in the latter case throughout the 

fiscal year as new developments or contingencies arise. The 

amount of shifting in the case of the AEC usually has a small impact 

at the individual group level because most of the shifting occurs at 

year -end and in the overall budget allocations, since the labor a-

tories are operated under contract by independent agents (usually 

universities). But top management at LBL is constantly revising 

3 
There is a legal question which has not been entirely resolved as to 
whether the President has the Constitutional power to withhold funds 
which legally have already been authorized and appropriated. 
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the budget allocations throughout the year due to the bargaining 

process involved in determining the original allocations. A 

"startling'' find might be discovered or a new promising theoretical 

concept might arise during the year prompting the allocations 

between groups to be revised. But again, the net result is that 

the group's budget is stochastic. 

(4) The final source of uncertainty in R is produced by the 

accounting system. There are several ways the accounting system 

increases budget uncertainty. The accounting system at LBL is 

primarily oriented toward the AEC and is a non-accrual (except 

for vacation and holiday pay), full-cost system recharging all 

expenditures back to the research groups. By simply aggregating 

over partitions of scientific g"roups, the laboratory as a whole is 

able to report total spending by major funding category (e. g. , high, 

medium, or low energy physics, nuclear chemistry, computers, 

etc). The AEC uses the "PPBS-type" (Planning, Programming, 

and Budgeting System) of full-cost data to compare and thus 

allocate its research funds between its contractors (the laboratories)" 

However, in the process of generating the full cost reports by groups, 

the accounting system becomes exceedingly complex, with numerous 

algorithms required to recharge the various overhead items and 

payroll accruals back to the research groups. The accounting 

group adjusts the internal parameters (e. g., the overhead and 

burden rates) and at times even the allocation scheme in order 

to achieve end-of-year "fit." The overhead charge is the product 
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of the overhead rate applied to the scientific group's payroll. 

The overhead·rate is set in order to "absorb" enough resources 

from each research group to pay the laboratory's non-research 

services (e. g., security, administration, insurance, etc.). The 

rate is adjusted throughout the year, usually between 3 5o/o to 45%, 

such that the total overhead of the laboratory is just covered. If 

the scientist believes his budget is $200 thousand for the year, of 

which $100 thousand is devoted to payroll, then his non-payroll 

budget is $65 thousand given an overhead rate of 35%. But if the 

overhead rate is raised to 45% his non-payroll budget must be cut 

to $55 thousand if the total budget is to be maintained. Thus, a 

change in the overhead rate has the same effect as varying the 

budget. 

The second source of budget uncertainty produced by the accounting 

system is the result of noise (or errors) produced by the system. 

All information systems produce reports containing errors which 

go undetected. To the extent that these errors over or under 

expense items, the effect is the same as varying the budget by 

the magnitude of the error. 

The final source of budget uncertainty is a result of and not directly 

attributable to the accounting system. To the extent the scientist 

does not understand all of the data transformations built into the 

accounting system, his planned expenditure amount will differ 

from the amount of expenditure reported by the system. The model 

to be developed has the scientist choosing a vector of expenditures 
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c = (c
0

, ••. , cT,_ 1). Actually, he is selecting an optimal time 

path for his input portfolio (X
0

, X
1

, ... , XT). If the decision 

maker does not understand all of the nuances of the accounting 

system, then the algorithm used to translate xt into ct produces 

a ct which will differ from the ct reported by the accounting 

system. Thus, if the scientist makes errors in the transformation 

of Xt to ct, then both R and ct are random variables. 

In order to simplify the model, we will assume that all of the 

randomness in the system is captured in lj;(R). the probability distribution 

defined over the budget. Since in this model we are not trying to estimate 
r 

ljJ(R), and since the scientist is really interested in neither R nor ~ c 
t= 1 t r 

independently, but is in fact interested in the difference R - ~ ct and 
t=1 

in being able to predict this difference, the assumption of stochastic R 

and deterministic ct does not appear to distort the model too greatly. 

We now postulate the existence of an induced utility function, 

W(c
0

, c
1

, ... , cT,_ 1), where this function is the maximum utility obtained 

from the expenditure pattern c 0 , c 1 , ... , cT'- 1 . Furthermore, let 

c:=(c
0

, ... ,cT,_ 1). (4.1) 

Section 3.3 argued that, based on the finance and economic literature of 

the consumer's choice problem, a utility function for expenditures can 

be induced from the optimization process of maximizing the utility of 

research outcomes subject to a budget constraint. Thus, W( ·) is 

assumed to be induced from U'(sT 1). (U' is not the derivative of U 

but rather the informally induced, short-run utility function defined 
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over end-of-fiscal-year research outcomes, (see Section 4.1). We will 

not formally derive the conditions to ensure that W is an induced utility 

function. This is done in Fama ( 19 72) for a consumer facing uncertain 

income and prices. The value of a particular allocation, c = (c
0

, ... , cT,_
1

), 

of R dollars over the fiscal year (as measured by W(c)) we assume depends 

on the terminal state produced, sT'. But contained in this terminal 

state, sT', is the status of the group's research potential, XT,. If 

the scientist is more concerned with XT' , than with the knowledge actually 

produced (as we hav~ assumed), then U' will be sensitive to the various 

XT' and thus, U' will be sensitive to the various allocations c as they 

impact on XT, . 

We assume that R is revealed in the last decision period, thus 

letting ""' denote a random variable, 

T'-2 
C..., = R - """ T -1 LJ ( 4. 2) 

t=O 

and the expected utility of an expenditure pattern c
0

, c
1

, ... , cT'-i is 

n(c 0 , .•. ,cT,_ 2 ;lJ;(R)) = ~ W(c 0 , ... ,cT,_ 1)lJ;(R) (4.3) 

R 
subjectto: ct~O, for t=O, ... ,T'-1. 

If the left-hand tail of the distribution of R is sufficiently compact (which 

means the scientist does not believe his budget will be cut drastically, 

at least this current year), then cT'- 1 will be non-negative for most 

allocations. This condition prevents the "bankruptcy" of the scientist, 
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The scientist chooses that .allocation c*- (c
0

, ..• , CT 1_2 ) which 

maximizes equation (4. 3). 

F[ ljJ{il) ) -= ( max ) Q(c
0

, ... , cT 1_2 ; ljJ(R)) = 
co,···· cT 1-2 

( max l: W(co, ... ,cT1-1)ljJ(R) 
co, ... 'CT 1 -2) -

subject to: 

R 

c ~ 0 
t ' 

for t=O, ... , T 1-1 

( 4. 4) 

The choice of the c vector is defined as 11 the spending rate problem11 

or the optimum sequence of allocating a stochastic budget R over T 1 

periods. To the extent that the scientist is impatient an:d/or an expendi-

ture of ct is not entirely consumed in period t but provides residual 

benefits to future periods t+2, ... , we would expect the large bulk 

of R to be spent in the earlier time periods. For example, if a new 

computer is to be purchased this year, it is better to bring it on line .in 

the beginning of the year in order to start receiving its benefits. But 

offsetting this urge to spend early is the fear or risk of consuming all of 

the budget before the end of the year, being forced to terminate important 

expenditures or individuals on the staff, and thus doing irreparable harrn 

to the portfolio of inputs XT 1 . 

If T 1 = 2, then 

F [ljJ(R)] = max l: W(c
0

, R-c
0

)l)J(R) 

co R. 

subject to: Pr(R < co) = 0 

( 4. 5) 

This two-period model will now be used to derive several analytic results. 

Let R denote the expected value of R (R = ~ RljJ(R)) and a2 

R 
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denote the variance of R (o
2 = ~ (R-R} 2

ljJ(R} }. 
R 

4. 3. 1 Analytic Results 

We have seen previously that the accounting system can increase 

the uncertainty surrounding the budget. By this we mean that o2 
(the 

variance) increases while R (the mean} remains constant. What effect 

does this have on the optimum allocation? To answer this question the 

two period model formulated in equation (4.5} will be used. We assume 

that W is concave in both c
0 

and c
1

. 

aw ac; - wo > 0 

a2w· 
--2 - woo<o 
a c

0 

aw 
8c1- W1>0 

a2w 
--2 w11 <o 
a c1 

Or, induced utility increases with increases in spending in either 

period (holding the other period's spending constant), but the increases 

are at a decreasing rate. Furthermore, assuming W satisfies Leland's 

(1968} decreasing risk aversion to concentration assumption, 

> 0 

W constant 
( 4. 6} 

C* < c 0 0 (see Appendix A for proof} ( 4. 7) 

where c~ = the optimum first period spending under budget uncertainty 

(o2 =I 0). c = the optimum first period spending under budget certainty 

(o
2 = 0). 
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Under budget uncertainty, the scientist reduces first period 

spending c~ below the level he would have chosen had the budget been 

known with certainty (i~ .. = R}. This is not a surprising result; anecdotal 

evidence abounds of bureaucrats establishing contingency funds at the 

beginning of the year and other devic_"'es being used to respond to budget 

uncertainty by reducing first period spending. On the other hand, this 

phenomenon of reducing first period spending is riot restricted to 

bureaucrats alone. BothLeland (1968} and Sandmo (1970) prove that 

uncertainty regarding future income increases the rate of savings (the 

precautionary demand for savings) and decreases the rate of consump-

tion in two-period models of the consumption-saving decision. But in 

all these cases, the assumption of simple risk aversion (e. g., concavity) . 
is not enough to prove the desired result, (4. 7) in our case. In these 

papers, some assumption regarding the risk aversion of the utility 

function is required, in our case equation (4. 6). Thus, decreasing 

risk aversion to concentration is a necessary condition to (4. 7). 

In the proof of (4. 7), it is demonstrated that the quantity Z0 -c~ 
- 2 depends in part on the variance of R, a 2 Or, as a increases in 

small increments, then c~ is further reduced. This analytic finding 

will be used in the next section (4.3.2) in generating some empirical 

evidence supporting this model. 

The next question addressed is: what is the impact of c~ < c
0

? 

W(co, c1) > ER_ [w(c~. R- c~)J 
(see Appendix B for proof) 

( 4. 8) 

where ER_ denotes the expectation with respect to R. Based entirely 
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on the concavity of W, this theorem proves that expected payoff declines 

under budget uncertainty and given c6 < c1 . Or, for mean-preserving 

-increases in the uncertainty of R, the scientist reduces first period 

savings and because of the uncertainty is worse off in terms of expected 

payoff. 

·Since the accounting system is a source of budget uncertainty 

(e. g., the accounting system increases cr2), the information system 

can produce a lower first period expenditure than otherwise would 

result if the information system did not increase a2 
and this reduces 

expected payoff. 

4. 3. 2 Empirical Results 

This sub-section presents some empirical evidence consistent 

with and thus supporting the previous analytic result, c
0

> c6, We 

have seen that the quantity c
0 
-c~ depends in part on a2 , the variance 

of ljJ(R), and also the shape of W. Thus, c~ can be thought to consist 

of the following terms: 

-·-c'•' 
0 

-, + b 2 = c 0 a + e ( 4. 9) 

Or, c~ is the sum of a risk-free spending amount, the variance of R 

and all other factors e, assumed to be randomly distributed with mean 

zero. But according to equation ( 4. 7) c~ < c
0

, an.d since E(e) = 0, and 

a2 by definition is non-negative, then b must be negative. If model 

( 4. 9) can be estimated using least-squares and b < 0, then the analytic 

results and the empirical results are consistent. Furthermore, since 

the analytic results required the assumption of decreasing risk aversion 
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to concentration 

> 0 ) 
W constant. 

then b < 0 provides indirect evidence supporting this assumption which 

is a generalization of the Pratt-Arrow decreasing absolute risk aversion 

assumption. 

Data from 21 research groups of the Physics Division at the 

Lawrence Berkeley Laboratory covering the five year period from 

fiscal year !968 through fiscal year 1972 is employed in this empirical 

model. 
5 

The major obstacle to estimating model ( 4. 9) is obtaining data 

2 
on a . Ideally, direct estimates from each of the 21 scientific groups 

-concerning their subjective probability estimates of R is most preferred. 

2 Lacking these direct observations, surrogates for a are constructed 

in the following manner. 

R - R y . (y-1) 

Ry- 1 
(4.10) 

R - R( 1) y y-

R - R y (y-1) 

~/5 ~ R.J, i + 1 f. y L i=O 1 

( 4. 12) 

(4.13) 

5 
See Chapter 5 Appendix A for a detailed discussion of the organization 
and the data base. 
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Depending on the specific specification of Yy selected, the 

..... ~2 
surrogate for the variance of ljJ(R), denoted a , is the square of the 

change in budget, normalized. In (4.10) the change in budget is normal-

ized by last year 1 s budget, in ( 4.11) the change is normalized by the 

average budget over 6 years, and in (4.12) the change is normalized 

by the average budget excluding the cur rent year 1 s budget. Equation 

..... 
(4.13) is based on the assumption that the variance of R is positively 

correlated with positive or negative budget changes. If a group's budget 

is stable between two years, then we assume ceteris paribus a2 
is 

lower than had its budget changed between the two years. Thus, three 

f 2 d surrogates or a are constructe . 

following model was estimated. 

c 
11' y = 

c . 
12,y 

Instead of running (4.9), the 

y= 1, 0 ••• ' 5 ( 4. 14) 

Each of the 21 groups provides 5 observations, (one•for each of the five 

fiscal years), thus N=105. Since monthly data is used, when t=11, the 

scientist is faced with a two period problem, similar to ( 4. 5). Thus, 

c11 , y is a sample observation from one of the 21 research groups on 

c~ and c12 , y is a sample observation of cr. The ratio of c11 , y to 

c
12

, y normalizes group size·. Since c 0tc 1 = R, c~ < c 0 implies 

R- cr < R- Cf and c~ >'t!1 . Thus cg/c! < c0 jc 1 . Therefore, if b < 0 

in (4.9) then we would expect b
1 

< 0 in (4. 14). 

An additional term is included in (4.14), y . This variable 
y 

captures any "mean shift" in a2 
y Over the five year period for the 

21 groups, the budget increased 44 times, decreased 58 times, and 

.• 
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remained unchanged 3 times. The results of running equation (4. 13) 

using the three alternative definitions of Yy as defined in (4. 10), (4: 11) 

and ( 4. 12) is presented in Table 4.1. 

c A2 A 
Table 4. 1 

11, y 
= bo + b1 a + b 2 y + e c y y 12,y 

bo t* 
... e:< .... 

t* 
bo b1 

b1 b2 
b2 R2 D- w>:<):< 

4.10 .67 2.23 - .12 .04 .95 1.08 .01 2.04 

4.11 1.11 3.59 -3.16 2.77 1.55 1. 78 .13 2.08 

4.12 1.11 3.74 -2.80 3.33 2.27 2.94 .1 7 2.09 

* t-statistic 

**n-w: Durbin- Watson statistic 

Under all three alternative specifications of y , b
1 

is negative, . y 

however it is not statistically significant at the .05 level in ( 4. 1 0), but 

is significant at the .05 level in both (4.11) and (4.12). Also, R 2 rises 

from .01 in (4.10) to .13 and .17 in (4.11) and (4.12) respectively. This 

seems to suggest that by normalizing the change in budget R - R 
1 . . y y-

only by last year's budget produces an independent variable with larger 

swings in it. This is corroborated by the estimate of the variance of 

cl; using (4. 10) the Var (o2 ) ~ .8 whereas the Var (o2) :=- .3 using (4.11) 

and (4.12). When the change in budget R - R 
1 

is normalized by the 
. y y-

. average level of the budget over either the five or six year period, the 

resulting independent variable is less volatile and the explanatory 

power of the model is greatly increased as evidenced by the improved 

R 2 . In all three specifications, there is no autocorrelation of the 
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residuals, even though the data is arranged by group and sequentially 

over time. 

Using the fitted coefficients for (4.14) and specification (4.12), 

the following model is generated 

c 
11, y -

c 12,y 

... 2 
1.111 - 2.801 a + 2.27 y y . y 

( 4. 15) 

... 2 
Taking expectations and substituting the means of a and y which are 

y y 

.128 and -.039 respectively, then 

E (__1_!_.·) = . 66 
c12 

Thus, June's spending is one-third gr~ater than May's spending on the 

average. Some of this is attributable to the start of the summer research 

program in the last two weeks in June and also May has a holiday which 

depresses May's expenditures. But the rest of the one-third increase 

is probably attributable to just 11 contingency-budgeting.'' Even if the 

budget was certain, other contingencies could arise which causes 

management to set aside a pool of funds which are then disposed of in 

the last month. 

Instead of focusing on only the last two months of data c
11 

and 

c
12

, an alternative method of gathering evidence on c 
0

- c~ is to 

consider the fiscal year to be composed of two decision periods of 

six months length and to aggregate the monthly data into two spending 

periods, say 

. ... 
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... 
c1 . ,y 

12 

=L: 
t= 7 

c 
t, y 

where ct l.s the actual amount spent in month t of year y. If this 
. ,y 

is done and the following regression estimated, 

(4.16) 

. ...2 
where a and y are again defined alternatively as in either (4. 11), 

y y 

or (4.12); the results of Table 4.2 are obtained. The specification in 

(4. 10) is not presented due to the above analysis. 

c 
cl + b Table 4. 2 

O,z:: = bo + b1 Yy ... y 2 c 1, y 

bo tb 
0 

b1 tb 
1 

b2 tb 
2 

R2 D-W 

(4.11) .98 3.80 -.81 .85 1.22 1.67 .05 1.89 

(4.12) .96 3.80 -.69 .96 1.24 1.88 .04 1.88 

Although the coefficient on a2 
is still negative, it has fallen 

appreciably as compared to the results in Table 4. 1 and is no longer 

statistically significant. Accordingly, the R 
2 

values of ( 4.16) are 

below those of ( 4. 14). If we believe the scientist is actually making 

decisions monthly and not every six months, then we would not expect 

the aggregation of (4. 16) to out-perform the monthly test. 

If instead of aggregating to six months, we aggregate to quarters 
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and construct the dependent variable to be the ratio of third to fourth 

quarter spending, the results are not appreciably different than Table 

4. 2. The coefficients on b
1 

are negative but are still insignficant. 

The decision making process from which the data has been 

generated is a very rich process. 6 The scientist becomes increasingly 

more concerned with the budget constraint as the end of the fiscal year 

approaches. More activities aimed at balancing the year -end budget 

are undertaken in the eleventh month than are undertaken in say the 

sixth month. Although the two-period model of (4.4) is tractable from 

an analytic point of view, empirically it does not allow us to explain 

much of the variation in the data. However, it does provide a framework 

and a testable hypothesis concerning financial behavior in the last two 

months. The "endplay" is viewed as arising from the decision-maker's 

aversion to risk and in this way, the two-period model is a very useful 

device. 

We now return to the central theme of this chapter, modifications 

of the T-period model. Previously, three modifications have been 

introduced: collapsing the horizon, changing the decision variable, 

and introducing budget uncertainty. We now introduce the fourth 

modification. 

4. 4 Minimizing Computation Costs 

The decision situation of the scientist has been transformed from 

6 
The actual decisi~n process is discussed in detail in Chapter 5. 

·; 
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the long-run abstraction of choice of experimental portfolios and 

concern over the state variable st (the state of knowledge) to the 

short-run optimization problem of selecting a spending vector C and 

managing the input portfolio. The input portfolio Xt is viewed as being 

of ultimate concern to the scientist in the short- run. 

xt is conceptualized_ as being composed of discretionary input 

items and non-discretionary factors where the two sets are mutually 

exclusive and completely exhaustive of all the inputs. A discretionary 

item is defined as one whose transactions cost is negligible (e. g., most 

supplies, computer time, travel, etc., can be added to or deleted from 

the portfolio Xt without incurring large transactions costs). Non

discretionary items such as scientific payroll cannot be cut and then 

increased without generating large transactions costs. If, due to the 

budget constraint, a group is forced to terminate for three months a 

highly specialized technician, who finds work elsewhere, when it comes 

time to replace this input, a less skilled technician might have to be 
. 

trained; thus increasing the transaction costs for that particular input. 

To the extent that X contains discretionary factors, XT 1 is not affected 

by the manipulation of these factors since no large transactions costs 

are gene·rated. However, if X is composed of say all non-discretionary 

items then XT 1 becomes quite sensitive to how the total budget is 

allocated over the fiscal year. 

The short-run objective function is U 1(sT.) where XT.c sT •. 

(The research result obtained at the end of the fiscal year sT 1 implicitly 

contains the state of the scientist 1 s research capabilities XT 1 • ) To 

the extent X contains discretionary items, then XT 1 is insensitive to 
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a class of spending allocations which do not disrupt the non-discretionary 

factors and U'(sT,) is insensitive to the same class of allocations. 

For purposes of exposition, assume a two-period problem based 

on (4. 3) where the optimum amount of spending in the first period is 

c* and 4;(.R) is given 

n ( c*) = ,t; W( c)l:, R -c*) 4;(R) 
R 

subject to: Pr(R< c*) = 0 

( 4. 1 7) 

W recall, is induced from U 1 • Therefore, if U' is insensitive over a 

class of spending allocations, then W is also insensitive, and 

dn = 0 for cE (ca, cb} de · (4.18) 

where the interval (ca' cb) consists of first period spending strategies, 

(4. 18) implicitly defines the interval. Graphically, n(c) appears in 

Fig. 4. 1 

n(c) 

c 
a 

Figure 4. 1 

c* 
c 

If 4; is sufficiently compact, then the probability of "bankruptcy" is 

zero for all cE(ca' cb). When n(c) is relatively flat over the interval 

(ca,cb) this implies that 
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-where E denotes the expectation with respect to R and the subscripts 

on W denote the partial derivatives with respect to c
0 

or c
1

. Or, the 

expected marginal gain from a dollar shifted from orie of the two periods 

just offsets the marginal loss from the shift. Clearly, if the funds 

shifted between the two periods impact only the discretionary factors 

of production and thus do not genPrate future transactions costs, then 

XT 1 is unaffected by this shift and the marginal gains and losses are 

nearly zero. Depending on the extent of discretionary items in X, the 

size of the interval (ca, cb) changes. 

The scientist must choose a decision strategy for allocating the 

budget over the fiscal year. One possible strategy is to use equation 

( 4. 5) (still assuming for exposition it is a two -period world). This 

decision rule determines an allocation (denoted c*) which maximizes 

the induced utility function W; Let, 

<P - the set of information 

r(¢) - a decision rule such that r(¢)=c 

K(r) - the_ cost of using decision rule r 

The decision rule in this problem maps from information to an allocation. 

K is the decision costs associated with rule r. 

Section 3. 4 argued that if the scientist used a cost-effectiveness 

meta-model to select decision strategies, then the T-period model 

would prO'bably not be sele.cted. Again employing this meta-model, the 

scientist must select a decision strategy r such that 

max r.l [ r ( <P) ] - K ( r ) 
{r} 

( 4. 19) 

subject to the "no-bankruptcy"constraint 



-82-

n is the expected utility from using allocation c, given lj.J(i~.). 

The previous discussion pointed out that if X contained discre-

tionary input items (e. g., computer time, supplies, etc.), then n is 

relatively insensitive to a class of allocations (e. g., equation (4. 18). 

Or, for 

then n( c 1) :::: n( c") . ( 4. 20) 

If (4. 20) holds, then the following model is equivalent to the meta-model 

of (4.19). 

min K(r) 
{r} 

subject to: 

or 

where 

r(<j>) = cE(ca' cb) 

n(r'l<) - n(r) ::::: 0 

r*(<j>) = c 

(4. 21) 

' To see that (4. 19) is equivale~t to (4. 21) assume there are only two 

possible decision rules; r*(<j>)=c* (the optimum allocation) and r 1 
( <j>)=c' . 

Let. c*, c'E(ca, cb)' condition (4. 20). If r' is to be preferred to r* 

according to (4.19), then 

n(r') - K(r') > f2(r':c) - K(r*) . (4. 22) 

Using (4.20), (n(r') -n(r>:<):::::o), (4.22) becomes 

K(r 1) < K(r*} . (4.23) 

Therefore, r' is preferred to r* and (4. 21) is equivalent to (4. 19) given 

( 4. 20). 

A decision rule is by definition cost-effective if n [r(<j>)] > K(r). 

The previous example illustrates that the optimum allocation strategy 
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is not cost""effective. Other authors 7 have recognized that certain 

optimizing strategies which ignore decision costs are sub-optimum. 

Simon and March (1958) have coined the term "satisficing" to represent 

decision behavior which selects simplified decisi.on rules because of 

"bounded rationality" of the decision maker (e. g., limited processing 

capabilities). It is usually concluded that if satisficing prevails, then 

the decision maker is "sub-optimizing''· Consider the following two 

excerpts: 

... we have not taken account of the limited capacities of a:n 
individual decision maker for imagination and computation. 
The existence of these limitations raises serious problems for 
the concept of rational choice as we have presented in terms of 
optimizing behavior. A mode of behavior that is not even 
feasible can hardly qualify as rational: 8 (emphasis in original 
text) 

We find that judges (decision makers) have a very difficult 
time weighting and combining information, be it probabilistic 
or deterministic in nature. To reduce cognitive strain, they 
resort to simplified decision strategies, many of which lend 
them to ignore or misuse relevant information.9 

Both of these sources focus on the limited processing capabilities of 

the decision maker. We acknowledge the existence of these limitations, 

but recognize that they can be overcome at a cost (the cost might be 

enormous). However, in the case of the scientist the benefits derived 

from using less "simplified decision rules" and not ignoring "relevant 

information" do not justify the additional decision costs (e. g., cognitive 

strain). 

7 R,adner ( 19 72), and Simon ( 19 72). 
8 Radner (1972), p. 17. 
9 slovic andLichtenstein (1971), p. 724. 
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If a decision maker employs simplified decision rules or satis

ficing behavior, then the conclusion that the decision maker is not 

optimizing does not necessarily follow. The selection of the simplified "' 

decision rule may have been the optimum choice when the costs of 

decision making are included. 

The scientist's short-run problem (4. 21) is to choose a decision 

rule which minimizes processing costs but yet satisfies the constraint 

of producing a ''satisfactory~' allocation (e. g., non-discretionary factors 

are not disrupted). In order to minimize K(r), usually the less complex 

(in terms ofcomputation) the decision rule, the lower the cost. For 

example, decision strategies combining many numbers in non-linear 

computations are more complex and thus more costly than linear rules 

requiring fewer data but generating less processing costs and less 

cognitive strain. If the scientist could choose between lin~ar and non

linear decision rules, both of which produce acceptable allocations, then 

the linear rule is probably selected. This conclusion is supported by 

Dawes and Corrigan (19 74) and Slavic and Lichenstein ( 19 71) who report 

that psychologists find that actual decision behavior can be best repre

sented by linear decision models. 

If scientists select decision rules based on a cost-effectiveness 

meta-model, and if the payoffs perceived by the scientist behave as 

depicted in Fig. 4.1 (e. g., discretionary items exist), then we would 

expect to find actual scientists to be using linear decision models in 

selecting allocation schemes. The next chapter presents some empirical 

evidence supporting this assertion. 
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APPENDIX 4A 

1 
Theorem 1. Given the following two-period optimization problem under 

given 

then 

uncertainty and associated conditions 

Max L w (c0 , c1) '¥ 
1

(R) 
k R 

(2) c0 = c(l-k), c > 0 and k s 1. 

(3) c1 = R c0 = R - c + c k. 

(4) E(R) = i and E{R-i) 2 = a2 

(5) W strictly concave in both c0 and c1 

(6) c0 is the optimum spending in period zero under 

certainty when R = i. 

·{7) c0 is the optimum spending in period zero 

under uncertainty. 

{8) There exists a~ < R for all R,'i'(R) > 0 

(9) 

such that c < ~· 

> 0 
W constant 

C* < c 0 0 

Leland - Pratt - Arrow risk 
aversion index 

(1) 

(*) 

Discussion. k is defined as the amount of savings from period zero 

1 

to period one. c is a positive constant defined by (8) and 

instead of choosing c0 which maximizes (1), k may be selected. 

Equation (8) is a condition on c which prevents "bankruptcy". 

Instead of proving (*) directly, it is equivalent to proving 

k* > k 

This theorem is adapted from Leland (1968). 
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Proof 

The first and second order conditions under certainty on k 

must satisfy (10) and (11) 

or ( 1.0) 

where W
0 

and w1 denote the partial derivative with respect to c
0 

and c1• 

( ll) 

Likewise, k* must satisfy the following first and second order conditions 

under uncertainty 

E W0 = E w1 

E W
00 

- E w01 - E w10 + E·w11 < 0 

Now,under what conditions does k satisfy (12) and (13)? 
J 

E W
0

(c(1-k), R-c + ck) = E w1 (c(1-k), R-c + ck)? 

E W (k) 
0 

= 

Using a Taylor series, expand E W
0 

about the point (c
0
,c1). 

-fixed to be c
0

, but c1 is still a random variable since R is B; 

random variable. · 

E W
0

(k) = E1W
0

(c
0

,c1> 

c is 
0 

(12) 

(13) 

(14) 

+ •• ·( (15) 

For fixed c =c.= c(1-k) implies c
1 

= R- c+ck and taking expectations 
0 0 

yields ~ = R - c - ck. 

Therefore' ccc1 = R - R. Substituting this into (16) yields 

- - - 1 2 .E W
0

(k) = W
0

(c
0

,c1) + 2 w0ll (c
0

,c
1

) a +higher order terms(l7) 

2 
If a is small and the higher order terms are finite, then they are of 

O(o
2
). 2 Likewise, 

(- 1 2 2 EW1 k) = w1 (c
0

,c1 ) + 2 w111 (c
0

,c1 ) a + o(a ) (18) 

2 Pratt ( 1964) o 



-87-

From equation (12) 0 = E W0 (k)- E w1(k). Using (17) and (18) as 

expressions of E W
0 

(k) and E w
1 

(k) we form this difference. 

Wo(co,c1) - w1 (co,c1) + r [woll(co,c1) - wll1 (Co,C1)] (1 9) 

This expression (19) must reduce to zero if condition (12) is satisfied. 

But from (10) W0 = w1 implies (19) is equivalent to: 

EW0 (k)- .E w0 (k) = ~
2

~w011 (c0 ,c 1 )- w111 (c0 ,c 1) ~ (20) 

If (20) reduces to zero as it would if W is quadratic, then k = k 

satisfies the first order conditions for a maximum. 

Checking 2nd order conditions (13): 

(21) 

(22) 

1 2 
W(•) + 2 w11(·) a = 

2 . 
W(•) + O(a) (23) 

Thus, 
d2 

[ EW(C0 , C~ J d2 
[ w(·) + o(i)] = 

dk2 =-
dk2 

d2 
[ W( •)] = 

-;kz 
(24) 

But since k is a regular maximum producing (co' c1) then 

d2 
f<co,cl)] < 0 and 

dk2 

accordingly, 
d2 

[Ew(c0 .c1>] < o. (25) 
~k2 

Notice that (25) can be written as: 

d2 
[ EW(c0 , c1 )] 

d 
[Ew1(c0 ,c1) -EW(C C)] 

~k2 
=- < 0 (26) dk 0 0' 1 
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If equation (20) is negative then EW1(c
0

,c1) > EW
0

(c
0

,c1) and from (26) 

this inequality can be reduced by raising k (i.e., decreasing the amount 

2 spent in period zero), or by decreasing cr • 

This is for small cr2 • 

Thus, k* > k and c* < c . 
0 0 

The final step of the proof is to find conditions when equation 

(20) is negative. 

Based on the Pratt-Arrow single-period risk aversion index, 

Leland (1968) defines a two period risk aversion index as 

d(Wll) 
> 0 (27) 

dc1 
w constant 

d(W11 ) dc 1 
·de 

= w - + w ~ > 0 
dc1 lll dc 1 110 dc1 

(28) 

de 
6W I 6W 

wl 
Recall, 0 = -eel ceo -dc1 w 

0 

(29) 

Substituting (29) into· (28) and noting that W
011 

= w
110 

(if W possesses 

3 derivatives) produces 

> 0 (30) 

But from equation (10), W
0 

= w1, implies 

woll - wlll < o. (31) 

Thus, equation (20) is negative when 2 ~ 0 and based on equation (26): 

:k [Ewr<co,cl) - EWo(co,cl>] 
2 increases in a , this difference 

< 0 (26) 

for small increases and to offset this 

larger difference, k must be further increased. 
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APPENDIX 4B 

Theorem 2 

Given all the conditions of Theorem 1, of the two period problem 

under certainty, C* maximizes the same two period problem only under 
0 

uncertainty, and 

then it follows that 

Proof: 

c* < c 
0 0 

(1) 

(2) 

A simplified proof will be presented for the case where R can 

take on only one of two values. Ra and ~· \ 

Let (a
0

,a1) (b
0

,b1) be two different allocations such that 

a + a1 = R (3) 
0 a 

b + b1 = ~ (4) 
0 

where 'i' (R ) = A 0 < A < 1 (5) 
a - -

'¥(~) = 1 - A (6) 

Since W(c
0

,c1) is a concave function, any cord connecting any 

two points on the surface of W must be entirely below W. Or, 

w[(Aa
0 

+ (1-A)b
0
), (Aa1 + (1-A)b 1)] ? AW(a

0
,a1) + (1-A)W(b

0
,b1) (7) 

Let (a~,af) be the optimwri solution to the problem 

max W (a ,a1) = W*(R ) 
o a 

subject to a
0 

+ a 1 = Ra 

Likewise, let (b~,bf) be the solution to 

max W (b
0

,b1) = W*(~) 

subject to b
0 

+ h1 = ~ 

(8) 

(9) 
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Since W is concave for all pairs of points, then equation (7) must hold 

for the particular pair (a~,af) (b~,bt) 

W f.().a* + (1-).)b*) ().a* + (1-).)b*)l > ).W(a* a*) + 
~ o o ' 1 1 'j- o' 1 

Let d = ).a* + (1-).)b* 
0 0 . 0 

d1 = ).at + (1-).)bt 

then (10) can be written as 

Notice that 

= ). W*(R ) + 
a 

(1-;1. )W(b~,bf) 

(1-). )W*(~) (10) 

(11) 

(12) 

d
0 

+d 1 = A (a~ + at) + (1-).) (b~ + bt) = ). Ra + (1-).) ~ = R (13) 

Therefore, W(d
0

,d1) < Max W(c , R - c ) = w (c ,c1) (14) 
0 0 0 . 

From (12) and (14) 
c 

0 

W(c
0

,c1) ~ W(d
0

,d1) > ). W*(Ra) + (1-).)W*(~) 

From equation (2) 

(15) 

E [w(c~,cr) J = ).W(c~, Ra-e~) + (1-).)W(c~,Rb- c~). (16) 

But W*(R ) > W(c*, R - c*) 
a - o a o 

(17) 

since they both are subject to the same spending constraint. 

Therefore, (15), (16) and (17) imply 

W(c
0
,c1) ~ W(d

0
,d1) ~). W*(Ra) + (1-).) W*(~) 

~ ).W( c~, Ra - c~) + (1-).) W( c~, ~ - c~) = E W(c~ ,c!) (18) 

r 
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CHAPTER 5. 
A Descriptive Model of Individual Scientific Decision Making: 
A Simulation of the Allocation Decision 

In Chapter 2, a normative, T-period model based on the maxi-

mization of expected utility was formulated to represent the scientist's 

choice problem. In Chapter 3, by considering the operationality of 

such a model, the complexities of science emerged. Chapter 4 then 

tried to simplify and modify the T-period model in order to derive an 

analytic representation of the choice situation which would allow us to 

test some hypotheses. Section 4. 3 derived a short-run 

model and tests of this model's implications were performed. Finally, 

in Section 4. 4 some assumptions were made regarding the shape of 

the, objective function used in the short-run model. This short-run 

model was again transformed. Using the meta-model that balances 
' 0 

the cost of analysis and decision against the cost of decision error, it 

is suggested that the "rational and consistent" scientist might choose 

a decision rule, we called r(cp) (cp is the information set), which 

minimizes the processing costs as long as S1(r(9))~ Q(r>.'<(9)). The 

purpose of this chapter is to describe a particular r, to build an 

analytic model incorporating this r, and then to convert this r to 

a computer simulation program and to examine how well this r 

fits the data from an actual research laboratory conducting basic re-

search. Appendix A of this chapter describes the research laboratory 

and the data base used in the study. Section 5. 1 reviews some of the 

literature regarding descriptive decision rules as a foundation and 

justification for the model to be constructed. Section 5. 2 provides a 
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general description of.the decision context. Section 5. 3 formulates 

an analytic model of the decision process. And Section 5. 4 describes 

the results of the computer simulation program based on the analytic 

representation. 

5. 1 Descriptive Decision Models 

Chapter 4 concluded that for certain classes of scientific decision 

contexts (e. g., those for which ddQ ::::: 0 for cE (c , cb)) the near optimal 
· c a 

decision strategy to adopt in dealing with the problem of how to allocate 

an expected budget of R over the fiscal year is to choose the decision 

rule r which minimizes processing costs as lorig as the decision c 

produced by r, c=r(<j>), lies in the interval (ca, cb). 
1 

It was suggested 

that in order to minimize processing costs, r might be a linear 

combination of a restricted subset of <j>. There have been a number 

of research studies of actual decision making processes which have 

concluded that decision makers do in fact use linear, incremental 

decision rules and restricted information sets. This section briefly 

reviews some of these studies. 

Lindblom ( 1959) argues that decision makers, when faced with 

the real world complexities and armed with limited information, know-

ledge, and cognitive ability will drastically simplify the problem and 

will '' .... rely heavily on the record of past experience with small policy 

1 In Chapter 4, c was a simple variable. It is trivial to extend the 
analysis to the case where c is a vector of dimension T-1 and 
(ca, cb) defines a hyperplane in the new space. 
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steps to predict the consequences of similar steps extended into the 

future." Lindblom calls this heuristic process 'disjointed increment-

alism. 1 Once it is recognized that as the increments become small 

enough, they can be approximated by linear functions. Thus, this 

incremental approach to budgeting Lindblom describes, is r.eally a 

linear decision model. 

Wildavsky's (1964) conclusions from his study of the Federal budget-

ing process are very similar to Lindblom's: as an 11 aid to computation" 

bureaucrats make only incremental changes. "The largest determining 

factor of the size and content of this year's budget is last year:'s budget." 

Davis, Dempster, and Wildavsky (1966) empirically test this hypothesis 

by examining the budget requests and appropriations of fifty-six Federal 

agencies for a seventeen year period and conclude: 

(Our work shows) that a set of simple (linear) decision rules can 
explain or r~present the behavior of participants in the Federal 
budgetary process in their efforts to reach decisions in complex 
situations. 

In two computer simulation studies, one by Gerwin (1969) where 

budgetary decisions of a school district are represented by simple 

decision rules and the other by Crecine (1969) where the municipal 

budgeting procedure is also represented by a series of simple decision 

rules; the decision processPs being studied generally conform to the 

linear, incremental, simplification description of Lindblom and Wildavskyo 

All o( these authors have based their research on the satisficing model 

of human problem solving of Simon ( 1945) and March and Simon ( 19 58). 

We have taken a slightly different tack. Acknowledging there are limits 

to cognitive rationality, we have argued that an 11 optimum" solution to the 
)• 
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scientist's problem can be found and thus, these cognitive limits can 

be overcome, but only at a cost. If the scientist were willing to devote 

enough resources, he could probably determine the optimum allocation 

of his budget over the fiscal year. However, it is not cost-beneficial 

to do so. He appears to 11 satisfice11 by choosing a decision rule which 

produces a satisfactory solution, but actually the scientist is optimizing 

the meta-model by choosing the minimum cost, but yet satisfactory rule. 

It is being argued that satisficing is in effect an optimizing strategy 

when there exists a number of decision strategies yielding nearly the 

same payoffs and the decision maker selects the simplest, 11 satisficing" 

strategy in order to minimize processing costs. Crecine ( 1969) impli-

citly supports this notion when he concludes: 

The general hypothesis that the more 'com lex' the decision 
problem, the 'simpler' the dec1sion rues used to solve it is 
supported by the findings of this study. (emphasis in original 
text) 

Let us analyze the arguments behind Crecine' s statement: as the com-

plexity rises, the probabilities and consequences become more difficult 

to estimate; they tend to become'uniform; the expected payoffs associated 

with various decision rules become nearly equal; the size of the satis-

factory set of rules increases; and choosing the minimum processing 

cost strategy usually means selecting the simplest decision rules. 

C recine' s observed inverse relationship of the complexity of the situation 

versus the simplicity of the decision rule is consistent with our meta-

model analysis. 

Based on these previous studies, a simulation model of how scien-

tists allocate their budget over the fiscal year is constructed. The 
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simulation is based on linear decision rules requiring very limited 

amounts of information. As the Davis, Dempster, Wildavsky (1966) 

model bases current decisions on a one period lagged incremental 

relationship, the simulation model incrementally adjusts next period's 

spending according to the amount of the budget previously spent. The 

simulation employs very simple decision rules and might be viewed as 

a satisficing model in that the decision process as captured in the simu-

lation does not seek to find the optimum allocation but rather an allocation 

which meets a set of minimum constraints (e. g., cE (ca, cb)). Instead 

of arguing that the decision maker satisfices rather than optimizes as 

the previous studies have done, we prefer the descriptive model that 

the decision maker is in fact optimizing the meta-model by choosing the 

minimum cost decision rule which yields satisfactory results. 

The simulation model is a series of mathematical relationships 

incorporating the linear decision rules, constraints, initialization 

routines, and statistics gathering routines. It was felt that the spending 

rate decision, as it was actually made at LBL, was not sufficiently 

complicated to prohibit reducing it to a series of mathern'atical expres-

sions. The purpose of this exercise was not to place this decision into 

some well known operations research model, such as the Knapsack 

model
2 

or some form of an inventory model3 which could then be opti-

mized. But rather, the purpose of building a descriptive model of 

the scientist's decision behavior was to examine how the decision 

2 
Lippman (1969). 

3 
For a bibliography of the inventory model literature, see Wagner 
(1969), pp. R21-R25. 
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making process operated, what information was being used, how 

accurately could we replicate the decision making process, and to 

what extent do behaviors between scientists diverge? 

The set of mathematical expressions constituting the analytic 

model, was then converted into a discrete-time, non-stochastic Fortran 

computer program which simulates the decision making process. The 

choice of using a Fortran simulation instead of regression analysis was 

4 
made primarily because of the complexity of the analytic system. The 

computer simulation generates sixty simulated monthly. observations 

(5 years-12 months) for each of the 19 research groups. Five groups 

had to be deleted from the sample either be'cause we did not have five 

years of operating data for them or el.se the existing operating data did. 

not coincide with the data requirements of the simulation. 

A digre'Ssion is required at this point to avoidpossible future 

confusion. The term simulation
5 

is generally accepted to mean any 

numerical method for conducting experiments. The models are composed 

of mathematical and logical components which are configurated in such 

a way as to duplicate the behavior of the real-world analog. Usually a 

digital computer is required to perform the calculations. In many cases 

the simulation is a stochastic queuing model. The simulation model in 

this research can be characterized as a non-stochastic, dynamic, 

discrete-time, fixed increment system. Since we are attempting to 

4 See Crecine (1969) Chapter 3, regarding simulation as a research 
methodology. 

5 Naylor, T. H. et. al., Computer Simulation Techniques, John Wiley 
and Sons, Inc. , 1 9 68 p. 3. 
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model the human decision making process, the system might further 

be characterized as an artificial intelligence model. This simulation 

is similar to the Clarkson (1962}, Gerwin (1969), and Crecine (1971} 

models in that they all simulate a decision process. Gerwin's study of 

the decision making process in public schools employed the simulation 

methodology in a form very similar to the simulation technique of this 

study. 

Before presenting the analytic model, the decision process will 

be described in general terms. 

5. 2 A General Description of the Allocation Decision 

The group leader starts the fiscal year, which runs from July to 

June, usually assuming the current year's budget will be roughly what 

it was last year and hence no major changes in operations due to budget 

shifts are needed. This year's budget is not legally appropriated until 

the second or third month and sometimes not until six months into the 

fiscal year. 

During the summer months of July, August, and September, 

faculty members from the Berkeley campus are hired to conduct research. 

This increases the rate of expenditure in the first three months and is 

termed the 11 su1n.mer bump. 11 

The group leader tends to view his budget as being dichotomized 

into discretionary items and non-discretionary items. The primary 

non~discretionary item is the scientific payroll, and the group l~ader 

is very hesitant to fire {or hire) people due to budgetary pressures. 

(See Section 4. 4) On the other hand, all non-scientific payroll expenses 
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(see Fig. 5A-2 in Appendix A) are considered to be discretionary items 

since changes in these expenses do not significantly affect the well-being 

of his colleagues or generate large transaction costs. 

Due to the fact that the summer bump distorts the spending pattern, 

and also the realization that the end of the current year is still a long 

way off, very little budget forecasts and hence spending rate (allocation) 

decisions are made until usually the fourth or fifth month (October or 

November) of the fiscal year. 

The decision process consists of two major parts, depicted in 

Figures 5-1 and 5-2. Figure 5-1 illustrates the p;rediction method the 

model uses in order to project whether spending is either above or below 

the expected budget R. Ray OB would represent cumulative spending if 

1 -"f2 R was consumed each month, but due to the summer research program, 

cumulative spending more closely resembles path OCD. In order to 

project total spending given past spending of OCD ray ODE is constructed 

and FE is the expected total spending for the year. This is compared to 

the expected budget, FB and an indication of the expected deficit or 

surplus budget 6. is determined: 6. = (FE - FB)/FB. This prediction 

method is a simple, linear rule consistent with the literature reviewed 

in Section 5. 1. Given the projection of the surplus or deficit, an action 

must be taken. 

Figure 5-2 selects one of three actions given the 6. and the month t. 
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Prediction Model Decision Rule 

/ 

,/IE 

--jB z 

l 

X 

Month 
6 

Figure 5-1 Figure 5-2 

i) If til:!. I, t) falls in region X, no adjustment 1s made 

ii) If ( jl:l.j, t) falls in region Y, discretionary items are manipu

lated up to some constraint in an attempt to eliminate l:l.. 

iii) If ( jl:l.l, t) falls in region Z, non-discretionary items are 

manipulated up to some constraint in an attempt to eliminate l:l.. 

It is assumed that the same decision rule, Figure 5-2, applies to both 

positive and negative l:l.. Region Z does not extend past the tenth month 

since not enough resources will be saved to justify the hiring or firing 

of scientific personnel. It is assumed that the boundaries between the 

regions X and Y, and Y and Z are linear. 

A computer simulation of this decision rule was programmed and 

run. The main problem with the simulation was determining initial 

parameter values for a and 13· One would expect different group leaders 

and different groups to have different parameter values. a, the cutoff 

between taking no action (region X) and adjusting discretionary items 

(region Y) should depend on, among other things, the magnitude of the 

/ 
Month 
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group leader 1 s aversion to risk. ~. the boundary between regions Y and 

Z should depend on the group leader's propensity to vary his research 

team and the associated trans action costs. 

One method of estimating the parameters a, ~. is to choose 

estimators a, ~ which minimize the sum of the squared residuals 

where the residuals are the differences between the simulation 1 s output 

and the actual dollars spent over the five year period, 19 68 through 

19 72. In order to compute (a, ~) the simulation would have to be written 

in such a manner that allowed the closed-form solution to be determined. 

Instead of solving for the (a, ~) which minimizes the sum of the squared 

residuals, the simulation is run for arbitrary pairs and the (a, ~) which 

produced the smallest squared e,rror is reported. Thus, the simulation 
,.., 

does not determine the optimum(;;, ~). but rather it determines the 

smallest in the sample space. 

5. 3 Analytic Representation of the Simulation 

To operationalize the preceding description of the decision making 

process, a fairly elaborate mathematical system is required. The 

following notation will prove a useful reference as the model is outlined. 

In general, the notation is consistent with previous usage. 

5. 3. 1 Notation: (t = 1, 2, ... , 12) 

ct total simulated dollars spent through month t (cumulative). 

(\ total dollars actually spent through month t (cumulative). 

ct simulated dollars spent in month t 

.. 
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A 

ct actual dollars spent in month t. 

ct differs from ct due to errors. and other unforeseen events. 

1Jt the non-discretionary dollars (Scientific Payroll) spent in month L 

() overhead rate= 1.4251, 1.4296, 1.4563, 1.4459, 1.38 for the fiscal 

years 1968, 1969, ... , 1972 respectively. 

dt discretionary portion of the budget (supplies, travel, computer 

charges, etc.). 

n the number of campus faculty employed during the summer months. 

(assumed constant over the 5 years). 

Nt the number of full-time staff members employed in month t. 

p the average monthly salary of one person employed in either a 

summer or full time capacity 

Wt seasonality factor. The laboratory closes for a week during Christ

mas, hence the payroll is reduced. 

= w12 = 1.0) 

R The expected fiscal budget •. Total dollars to be spent in the fiscal 

year. R is a random variable, revealed as the fiscal year unfolds. 

Since we do not have data on how R varied over t=1, .•. , 12, we 

assume that R is symmetrically distributed about R, where R 
is estimated from 

12 
R. = ~ f't = e12 

t= 1 

other estimators for' R could be used (e. g., R = ~~ C 11 ), but 

most o·f these are biased. 

~t "Linear annualized" projection made in month t of the magnitude 

of the year-end budget overrun or underrun. It is computed by 

~t = -R. t=4, ... ,12 ( 5. 1) 
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For example, if t=5, and $30,000 has been spent and the total 

budget is R.-:-:$125,000, then ~ 5 = -5,000 (underrun). 

a In Figure 5-2, a is the ordinate intercept. a is a sensitivity 

pararneter which delineates regions X andY, or do not take action 

to correct a budget variance and do take action. We are assuming, 

the other end point of the boundary 'to be the point ( 12, . 01). 

c max 
The maximum amount this group can spend on discretionary 

items per month. 

C . The minimum amount this group can spend on discretionary items 
m1n 

"per month. 

7M The number of months minus one that the group was constrained 

L1' t 

m 

by c 0 max 

The number of months minus one the group was constrained by C . . 
. m1n 

The projected budget variance calcuated as the difference between ,, 
the budget and Ct_

1 
plus estimated dollars to be spent during the 

. ~ -
remainder of the fiscal year. ~~ = Ct_ 1 + (dt + <j>pNt)( 13-t)- R 

The number of full time employees to be hired or fired which will 

eliminate ~~ . 

Referring to Figure 5-2, i3 is the ordinate intercept separating 

region~ Y and Z, or not hiring/firing and hiring/firing. 

In order to keep the notation as simple as possible, the model will 

be presented as though the time span is one year consisting of·12 months. 

In order to run the simulation for five years, certain variables are re-

initialized at the end of each year. The discus sian of this re -initialization 

is presented later. 

The basic underlying recursive relationship of the model is pre-

sented in equation (5. 2~ 
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" ct = ct-1 + a\+ dt t=1' ... '12 

;'\ 

co !5 0, -6'>1 

ct - a\+ dt 

The total projected dollars spent through month t is the sum of 

how much has been spent last month and how much is expected to be 

spent this month on non-discretionary items (to which an overhead rate 

is applied) and discretionary items . 

. l'Jt and dt are decision variables, determined by the simulation. 

a is an exogenous factor. We now turn our attention to how l'Jt and dt 

are determined. 

5. 3. 2 Discretionary Expenditures, ~ 

At the beginning of each fiscal year, the vector (d
1

, d
2

, .... , d
12

) 

is initialized as 
6 

12 

( 5. 2) 

~ d 
t=1 t,y-1 

y=2, ..• ' 5 ( 5. 3) 

We take 1/12 of the total amount spent last year on discretionary items 

to be the expected monthly expenditure this year on discretionary items. 

The group tends to continue to do in the future what it has done in the 

past. Given the initialized d vector, then dt is varied according to 

equation (5. 4). 

For the first year, since we do not have data on the preceding year, dt 
is initialized as 
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dt ifa1+a2t;;::: ~~~- t;;:::4 
R 

d =d = .. ; =d =~Min (Cmax' dt+il/(13-t)] if Ll<O l a +a t ~ ~~I 
t t+ 1 12 lMax(C., dt-Ll/(13-t)lifil:>O~ 1 2 R 

m1n · 'J 

for all t ;;::: 4 

for all t=1, 2, 3 ( 5. 4) 

During the first three months, discretionary expenditure is just 1/12 

of last year's expenditures. Or, discretionary changes are not made 

until the fourth month. Starting in the fourth month, a projection of the 

budget variance is made using equation {5. 1), this variance is converted 

to a percentage, and this percentage variance is checked to determine 

whether it is 11 material 11 or 11 significant. 11 To determine materiality, if 

M falls iri region X (Figure 5-2), it is deemed immaterial and no 
R 

revision is made
1 

However, if ~~I lies in region Y, not 
R 

only is this month 1 s discretionary expenditure changed, but all future 

discretionary expenditures are revised. a
1

, a
2 

are merely the intercept 

and slope of the line separating regions X and Y . 

. 01 - Q' 

12 

A problem arising here is by how much is dt revised? If dt were 

allowed to change by the amount necessary to offset Ll, then the simulation 

would generate rather unrealistic large positive and negative fluctuations 

To prevent this we must constrain the change in dt by C 
max 

and C . of equation {5. 4). A numerical example will clarify this point. 
m1n 

Let, t = 4 
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b.4 $2 70' 000 

d3 = $ 20, 000 
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To offset the predicted b. of $2 70, 000 

reduced to 

20,900 270,000 = -$10,000 
13-4 

Obviously, discretionary spending for the remainder of the year cannot 

be set at -$10, 000/month. TheTefore, dt(t=4, ... , 12) is revised to be 

max[C . , -10, 000]. Thus, C . is the minimum level of discretionary m1n m1n · 

expenditures required to keep the group operating. C is defined 
max 

analogously for b.< 0. The determination of C and C . is performed 
max m1n 

in equations (5. 5), (5. 6), (5. 7), and (5. 8). 

(Cm+Sm) 
c = 

max . 0833 ... 

c . = m1n 

T m 
(1.1) d1 

where T = the number of months minus one that 
m 

dt + b./13-t ~ c . max 

'rL = the number of months minus one that 

dt - b./13-t ~ c . . m1n 

sm' SL, em' EL are the standard deviations and means computed as 

follows: 

( 5. 5) 
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7 
= di+12} 

Define a vector C such that Ci+ 12j 
12 d . 
k~1 k+12(i-1) 

Rearrange C, i= 1, ... , 60 from high to low. 

s 

c 
m 

= 
m 

SL = 

30 
= 1/30 i~1 c. 

1 

t 1 30 r/2 -!: (C. - c )2 
30 i=1 1 m. 

[io 60 ,., - 2r/2 !: (C. - CL) 
i=31 1 

j = 0,1, .... ,4 

i 1,2, .... ,12 

60 
= 1/30 !: 

i=31 
c. 

1 

( 5. 6) 

( 5. 7) 

( 5. 8) 

We have seen that C and C . act as constraints on changing 
max m1n 

discretionary expenditures. To allow the group to continue to conduct 

research, a certain minimum level of supplies is needed. But this 

minimum level is not fixed but rather is variable. If the budget is reduced, 

a certain amount of "fat" is eliminated from the expenditures. If the 

budget is cut again, the group finds new ways of cutting back. Equation 

(5. 5) simulates this heuristic process. Every time C . becomes 
m1n 

binding, TL is incremented, (. 9)7"L becomes smaller and C . becomes . m1n 

smaller. CL and SL are the mean and standard deviation, respectively, 

of the 30 lowest observations of the actual discretionary expenditures 

expressed as a percentage of total dollars spent in the year. They are 

7 
For purposes of initializing Cmax and Cm. , d is a 60 element vector 

f 1 d . . d" 1n o actua 1screhonary spen 1ng. 
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computed according to equations (5. 6), (5. 7), and (5. 8). Thus, C · 

and C 0 are initially set by observing the amount of variation in mtn 

max 

actual discretionary spending and setting C to be the mean plus one 
max 

standard deviation of the high spending levels. C 0 is the mean minus mtn 

one standard deviation of the low spending levels. Thus, equation (5. 5) 

allows the ceiling and floor to change depending on the number of times 

they have become binding. 

Equations (5. 4) through (5. 8) describe how much to spend on the 

discretionary items. Essentially, the simulation will spend that amount 

on the discretionary items which is necessary to balance the budget. 

However, the ability to manipulate discretionary spending must be 

constrained by a moving minimum level required to maintain research 

and by a moving maximum which describes the institutional frictions to 

large expenditures. The rate at which these two constraints move is 

determined by the variability in the actual spending and the number of 

times each constraint has become binding. 

In certain circumstances, the mere manipulation of dt will not 

bring the budget variance, Dot' to zero. In these cases, more drastic 

action is called for and non-discretionary items are manipulated. Thus, 

personnel are either hired or fired. We now turn our attention to the 

determination of non-discretionary expenditures. 

5. 3. 3 Non..:Discretionary Expenditures, r]t 

The use of the term, non-discretionary, is not quite accurate. 
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The decision-maker has the discretion to change the size of his research 

group. But we assume that he prefers not to do it except as a last resort 

to eliminating the budget variance. An important assumption being 

made is that the propensity to hire a person to take up any budget slack 

is the same as the decision maker's propensity to terminate someone. 

This allows us to calculate a delta, take its absolute value, and use the 

same decision rule for positive or negative variances. We would expect 

to find different decision rules being used depending on the sign of the 

projected budget variance; but in order to keep the simulation from 

becoming overly complex we make this assumption. 

Equation \S. 9) describes the basic calculation of scientific payroll. 

if t = 1, 2, 3 (summer) 
( 5. 9) 

if t = 4, 5, 0. 0' 12 
(non-summer) 

During the summer months, n faculty are employed at an average rate 

of $p and the Nt full time staff are employed at an average rate of $p. 

w = 1 t . for t f 6 (December) and for t = 6. 

Thus, Wt is a dummy variable simulating the Christmas holiday vacations. 

All of the variables, n, p, and Wt, are exogenous except for Nt 

which can be changed by the simulation in response to a budget variance. 

We observed in the last section on discretionary expenditures how, due 

to C and C . , dt could not be adjusted enough to absorb all of the 
max m1n 

budget variance. If this situation arises (e. g., the decision maker has, 

either cut or added as much to his non-scientific payroll as possible and 

.. 
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he is still left with a budget variance), then he considers changing the 

size of his permanent staff, Nt. Since we expect this decision is a 

"painful" one to make (e. g., it generates transactions costs) or at least 
) 

it is "painful" if it must be reversed in a few months, then we assume it 

is made "carefully." By "carefully" we mean a more precise prediction 

of the budget variance is made. Instead of calculating the budget variance 

based on equation (5.1), equation (5.10) is used. 

[
" 12 J t::.• = Ct 1 + _1; (d.+ OpN.W.) -R 

- 1=t 1 1 1 
(5. 1 0) 

An estimate of future expenditures is added to past expenditures and.the 

expected budget is subtracted to yield the new projected budget variance, 

l::.'. Notice, this is a more complicated and costly computation than the 

one performed in equation ( 5. 1). 

The next step is to determine if b.' is significant (does it fall in 

region Z?) Given f3, the ordinate intercept, then [3 1 and [3
2 

(the constant 

and slope of the boundary between region Y and Z) are determined 

([3
1 

= f3, [3
2 

= · 0 ~ 2-f3 ). Thus, b.' is significant if [3
1 

+ [3
2 

t ~ 1~'1 
(5.11) 

Equation (5. 2) changes Nt+ 1 

Nt if [3
1

+[3
2
t> 1:•1 ort=1,2,3,10,11,12 

{

N - Min( .1 Nt' m),) b.' > 0 

N: + Min(.1 Nt' m),) b.'< 0 

m is the required number of individuals hired or fired to eliminate 

£::.1 and is calculated by (5. 13). 

(5. 12) 
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I ~·I!< 12 -t> 
8p. 

Three points are worth noting about equations (5.12) and (5.13): (1) Nt 

(5. 13) 

is not changed in the last three months because not enough money is saved 

to warrant the change. (2) Nt is not changed in the current month, but 

rather takes effect next month due to the time lags of hiring and firing. 

(3) Nt can only change by 10% in any given month because it is unrealistic 

to assume large hirings or firings can occur so rapidly. 

5. 3. 4 Initial Conditions 8 

The simulation is run over five years using the first year's data 

to initialize some parameters. It is assu-med each group remains homo-

geneous over the time period. For example, the same group leader, and 

a similar relative mix of inputs define homogeneity. The initial conditions 

on the parameters are as follows: 

p = $1,365/month salary level 

Estimates for n and N 
1 

must be made since we do not have data on 

group sizes. Equations (5. 14), (5. 15) and (5. 16) provide estimates of n 

and N 1 .. 
A 

Let SC. = actual dollars spent in month i, year y on scientific 
l,y 

payroll i=i, ... ,12; y=1, ... ,5. 
A 

Convert SC. dollars into percentages 
l,y 

8 This section describes the procedure for initializing p, n, and N 1 and 
can be skipped without disrupting the reader's general understanding of 
the model. 
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as follows: 

A sc. 
SP~ = 1 'y 

1,y 12 A 

~ sc 
t=1 t,y 

i=1, .... ,12 

y=1' .... '5 . 

Next, calculate monthly averages of these percentages as: 

SP. 
1 

1 5 
= - ~ SP. 

5 y=1 1,y 

Then, n can be estimated as: 

and 

n = [~ 3 1 11 
~ SP. --

8 
~ 

i=1 1 i=4 

N
1 

= [~ SC. 
1 

- 3n p] jp 
1=1 1, 

i=1' .... ' 12 . 

- J (12 SP. ~ 
1 i=1 

( 5. 14) 

(5.15) 

(5. 16) 

At the end of each fiscal year, a 5o/c general pay raise is assumed 

to be given, thus 

p = 1.05 p 

Also, N 
1 

remains at its existing level, N 
1 

= N 
12 

5. 4 Results of the Simulation 

The simulation is run 100 times with different values for a and ~· 

At the end of each run, ~he standard error is calculated for the particular 

combination of a and p. Or, 
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1 5 ~ b"OL L 
y= 1 t= 1 

( c )2 
· ct,y - t,y ( 5. 1 7) 

The combination of a and 13 which produced the smallest standard error 

is then printed. The entire procedure is repeated for each of the nine-

teen research groups. 

Figure 5-3 is an abbreviated flow chart for the simulation of one 

group. All input/outout and statistics gathering routines have been 

omitted in order to highlight the structure of the decision rules. 

Equations (5. 1) through (5. 17) were converted into a discrete-time 

FORTRAN program requiring approximately 550 source statements. 

(Appendix B is a listing of the Fortran program). The program was 

then run at the Lawrence Berkeley Laboratory on the Control Data Corp-· 

oration 7600 using the FTN Compiler under the BKY7E operating system. 

Ninety-three seconds of CPU time were required to execute the 1900 

simulations. Data from nineteen research groups was utilized for the 

five year period fiscal 1968-1972. (See Appendix A for a description of 

the data base). For each research group 100 simulations were run,· each 

run with a different (a, 13) pair. a and 13 were allowed to vary between 

.1 and 1.0 in increments of .1, each taking on 10 values; thus 100 

simulations for each group were require~. At the end of each run, the 

standard error (equation (5.17)) was computed. The run with the lowest 

standard error was then reported. Figure 5-4 is a summary by groups 

of that simulation run (e. g., the (a, 13) pair) which produced the smallest 

mean squared error. In most cases a unique minimum did not occur 

but rather the standard error was lowest over a range of (a, 13) pairs. 
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lnitialize: 

c 0=o, R. 
(d1, dz, •.. , d1z> 

t=1 

>---------yes--~--~ 

Calculate 6.. 
= 12Ct-1 _ 
----:- -R 

t-1 \ 

Reset 

no 

dt, dt+1, .. 'd12 

to eliminate 6.. 

Calculate m= 
I t:l I< 12-t) 

8p 

yes 

no 

t=t+1 

yes 

p=1.05 p 

YR=YR+1 
N1 =N12 

no 

no 

yes 

Change 
a,f3 
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Figure 5-4. Summary of Simulations for 19 Research Groups. 

Durbin-
Research * Watson Standard 2 ::~:;:< 
Group Alpha Beta Error R Statistic 

1 .20 .1-1.00 18078 . 63 1. 73 
• 

2 1. 00 .1-1.00 5309 .31 1. 55 

3 . 10 . 1-1. 00 7325 . 73 1. 68 

4 . 50 . 1 - . 80 12804 .84 1. 06 

5 . 60 . 1-1.00 6211 . 49 1. 16 

6 .10 .10 17648 .22 . 40 

7 . 50 . 1-1. 00 10146 . 49 1. 58 

8 . 50 . 1-1.00 10589 . 51 1. 23 

9 . 4-1.00 .1-1.00 6135 . 66 1. 97 

10 . 50 .1-1.00 7986 . 79 1. 10 

11 .10 . 10 4647 -.05 1. 16 

12 1. dO . 1-1.00 17497 -.01 1. 72 

13 . 70 . 1-1.00 18396 .28 2.27 . 
14 • 4-1. 00 .1-1.00 14363 .32 1. 39 

15 .9-1.00 .1-1.00 14898 .76 1. 51 

16 1. 00 .1-1.00 3730 .20 1. 12 

17 .8-1.00 . 1-1.00 58487 . 58 . 62 

18 . 30 .1-1.00 43083 . 41 1. 96 

19 . 6-1.00 .1-1.00 12458 .44 1. 83 

* [ 1 Standard error= bO t (actual-simulated monthly values) 2] 
1
/ 2 . 

,..... . 2 
"'"'' R2 = 1- (standard error) /variance of actual monthly data. 
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The range of (a,~) is reported in these cases. The range of ~ was the 

greatest, varying from .1 to 1.0 on 17 of the 19 groups; thus indicating 

that at least for these groups, non-discretionary expenditures did not 

have to be manipulated. 

The simulations of eight of the groups explain more than SO% of 

the variation in the actual data. On the remaining eleven groups the 

explanatory power of the simulation is below SO%. This indicates that 

the true process generating the financial data is far richer than is being 

captured in the simulation. There are three major types of variables 

excluded fi·om the simulation which probably have a significant impact 

on the process: 

(1) Group influences. The simulation assumes independence between 

groups. However, research groups compe,te with each .other for 

scarce resources, computer time, accelerator time, engineering 

support, etc. Research programs are forced to delay expenditures 

until facilities are freed and then, increase their level of expendi

ture above the usual rate after the scarce resource is captured in 

order to release the facility for another user as soon as possible. 

The effect of these interdependencies is to create abnormally high 

or lower runs of spending. 

(2) Endplay. During the last two or three months of the fiscal year, 

top management of the laboratory and the indiviqual group leaders 

engage in various activities in order to balance the laboratory's 

overall budget and the budgets of the various research projects. 

Section 4. 3 discusses this process in greater detail. 
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(3) Current and future budgets. The current year 1 s budget is re~ 

vealed as the fiscal year unfolds. The simulation assumes that 

R is known with certainty at the beginning of the fiscal year .. 

Also, next year 1 s budget affects the current year 1 s spending. 

The exclusion of these important variables probably accounts for a major 

proportion of the unexplained variation in the actual data. Furthermore, 

the existence of one or more omitted, serially correlated variables 

usually produces first stage autocorrelation in the residuals which can 

be detected by the Durbin- Watson statistic (DWS). 9 One half of the 

groups report a statistically significant DWS. A DWS of 1.0 indicates a 

correlation coefficient between successive residuals of approximately 

10 . 5. 

These findings suggest that although important variables have 

been omitted from the model and thus, the model 1 s predictive ability is 

reduced, it appears as though all nineteen research groups appear to be 

using roughly the same simplified, linear decision rules requiring 

limited amounts of information. In fact, once the simulation has initial-

ized various parameters (n, N 1 , Cmax' C min' etc.) all of the decisions 

are based on only two pieces of information, <l>t = (R, Ct). Or at time t 

the decision rule r(cpt) being simulated requires only the budget level 

and how much has been previously spent ct-1. r(cpt). as incorporated 

9 Johnston (1963). 
10 

The relationship between the DWS and the correlation coefficient of 
successive residuals r is given by Wonnacott and Wonnacott ( 19 70). 

DWS = z(n~ 1 ) (1-r). 

•· 
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in the simulation is exceedingly simple. These findings are consistent 

with the empirical studies previously reviewed in Section 5. 1 and are 

also consistent with the hypothesis stated in Section 4. 5, that the 

scientist ought to choose the minimum cost decision rule r(cp) such 

that r(cp) = c€ (ca' cb). 

5. 5 Summary 

Chapter 4 suggested that the short-run problem of allocating a 

budget of R over T' periods might best be solved by choosing the 

minimum cost decision strategy r(cp) which produces actions c=r(cp) 

such that c€ (ca' cb). This chapter reviewed a few empirical studies of 

the decision making process in various contexts. All of these studies 

found decision makers to be using simplified, linear decision rules 

reducible to computer algorithms. All of the authors justified the use of 

these simplified rules based on the complexity of the real-world problem 

and limited cognitive processing capabilities. In all cases the authors 

cite March and Simon's satisficing model to legitimize the use of apparent 

non-optimizing behavior. We have expanded the system to include in the 

meta-model not only the determination of the action, but also, the cost 

of selecting the action. Once this is formally introduced, it is argued 

that under certain circumstances it is optimum to satisfice. Based on 

the existence of these circumstances, a descriptive model of the budget 

allocation problem is first, described in general terms, then in analytic 

terms. Based on the previous studies and also on the previous chapter, 

a computer simulation program was estimated using data from a set 
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of actual research groups. The simulation failed to capture all of the 

richness in the actual decision process; but it was able to explain 

roughly 50% of the variation in the data, based solely on simple linear 

decision rules requiring limited amounts of data and presumably gen

erating small processing costs. The next chapter validates the simu

lation model and further explores the model's implications. 
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Appendix A - Chapter 5 

The Physics Division of the Lawrence Berkeley Laboratory 

This appendix describes the research setting and the empirical data; 

specifically, the organization's structure, work, and purpose, and some 

of the idiosyncracies of the data will be discussed here. 

The empirical research utilizes data obtained from the Physics 

Division of the Lawrence Berkeley Lagoratory (LBL). The Lawrence 

Berkeley Laboratory (formerly Lawrence Radiation Laboratory) is operated 

by the University of California and receives the major portion of its 

support from·the Atomic Energy Commission (AEC) of the United States 

government. The 2000 person staff of the laboratory consisting of 

scientists, engineers, technicians, graduate students, and clerical 

personnal are employees of the University. The laboratory has an annual 

operating budget of $35 million and an investment in plant and equipment 

of roughly $150 million. 

The Laboratory evolved from the work of Ernest 0. Lawrence, developer 

of the principle of repetitive acceleration of atomic particles (the 

·cyclotron), from which Lawrence received the 1939 Nobel Prize in Physics. 

During the 1930's and 1940's Lawrence and his associates designed and 

built the first cyclotrons ranging in size from 4.5 inches to the 184-

inch cyclotron completed in 1946. Partly due to the military implica

tions of nuclear research in the 40's which preceeded the first atomic 

bomb, the Laboratory became one of the world's primary centers of high 

energy physics research. The importance of Lawrence's invention can be 

seen in the contributions which have been produced by his accelerators 
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at Berkeley: numerous radioactive isotopes such as carbon-14 and 

uranium-233, the discovery of 12 out of 14 synthetic elements including 

plutonium and lawrencium, the discovery of antiparticles, and the 

treatment of human diseases with radioactive isotopes. 

Tod~y the Laboratory's research effort extends quite broadly over 

the entire range of basic research fundamental physical and chemical 

properties of matter and the application of radioactive substances to 

problems in biology, medicine, and related fields. The training of 

graduate students and junior scientists is tied into the research pro-

gram and is an important phase of the Laboratory's work. 

Currently, LBL either operates or is developing five accelerators 

and maintains a $20 million National Computing Center for the AEC. 

Although the research being carried out in the 70's is quite diverse, 

multidisciplinary, and some aimed at society's more pressing problems, 

most of the current research is still 

heavily dependent upon the work of Lawrence. The purpose of LBL is 

best captured by --

The ••. Laboratory is a product of man's curiosity 
about the nature of the universe ..• (and) .•. is con
cerned with fundamental exploration of the atomic nucleus, 
research in related fields, and applied research toward 
the effective use of nuclear energy.l 

The Atomic Energy Commission considers the University of California 

to be a contractor operating LBL as a multipurpose laboratory. The 

AEC operates a number of multipurpose facilities, including Ames, 

Livermore, and Los Alamos and characterizes a multipurpose laboratory as -

1
Lawrence Radiation Laboratory, Employee Handbook, Pub. No. B-021/lOM, 

July, 1969. 
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integrated or balanced facilities, meaning thereby, 
evidently that they have a·broad range of 
scientific and technical competance and conduct 
basic research in the physical and biological 
sciences as well as applied research and tech-' 
nological developments in some fields of nuclear 
technology. 2 

The AEC has consistently adopted the contracting technique to pursue 

its objectives as established by Congress and has ruled out direct 

operation of facilities. The primary reason the AEC has adopted this 

stance is to take advantage of both unique opportunities and the proven 

services of leading industrialists, scientists, engineers, administra

tor.s, and the major institutions of higher education. 3 By maintaining 

laboratories at locations like Berkeley, the AEC is able to best utilize 

the capable personnel on schedules suited to drawing these individuals 

which would not be possible if the AEC operated the facility itself. 

Figure 5A-l represents a simplified organizational chart of the 

Laboratory. The actual data set to be employed is drawn from the 

Physics Division of LBL which constitutes roughly one half of the 

Laboratory in terms of operating expenditures. The Physics Division 

can be dichotomized for our purposes into research groups and service 

groups. The principle function of the experimental group is research, 

whereas the service groups, although they do conduct applied research 

and in most cases are given research budgets, are to provide various 

services for the experimental groups. Taken together, the two groups 

are composed of roughly 24 semi-autonomous teams, referred to as a 

2 . 
Harold Orlans, Contract1ng for Atoms, Brookings Institute, Washington, 

D.C., 1967, p. 71. 
3 Orlans, 1967. 
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Figure 5A-l 
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a research group. The average annual expenditure for one of these 

groups ranges from $100 thousand to $5.5 million. The Support Groups 

in Figure 5A-l provide a captive pool of highly skilled engineers and 

technicians to design and construct the various experiments and instru-

ments demanded by nuclear research. The following list illustrates the 

varied types of work being conducted by the Physics Division: 

Accelerator Operations, 
Computer Operations, 
Particle experiments,· 
Accelerator development, 
Data reduction-measuring and scanning, 
Advanced computer programming-both 

systems and applications, 
Theoretical Physics, 
Nuclear instrumentation-design and building 

of advanced electronic devices, 
Controlled thermonuclear research. 

Each of the 24 research groups in the Physics Division is composed 

of senior research scientists, many of whom hold university appointments, 

graduate students, engineers and technicians, and clerical staff. Since 

the nature of basic research thrives in a flexible, multidisciplinary 

atmosphere where specific talents can be brought together to solve a 

specific problem, the personnel are not tied to any one research group 

but rather can be working for several groups simultaneously or can shift 

between the research groups. 

5A.2 The DATA BASE 

Monthly expense data for the 24 groups comprising the Physics 

Division has been assembled for the five year period covering fiscal 

year 1968 through 1972 (July, 1967 to June, 1972). · For each group 

during the five year period, we have fifteen expense items which total 

to the aggregate expenditures as computed by LBL's accounting system 
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Table 5A-2 

List of Expense Categories 

Reported by the Accounting System 

Stores 

Procurements 

Other Expenses 

Travel Non-Payroll items 

Accelerator Recharges 

Consultants 

Computer Recharges 

Scientific Payroll Scientific Payroll 

Construction and Maintenanc~ 

Technical Services 

Mechanical Shops 

Mechanical Technicians Support Payroll 

Mechanical Engineering 

Electrical Shops 

Electrical Engineering 
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and reported to the AEC and the Congress of the United States. The 

various expense categories as defined by the accounting system are listed 

in Table 5A-2. Thus, the size of the data base containing expense in-

formation is 21,600 numbers (24 groups, 15 expense categories, 5 years, 

12 months per year). In addition to the expense data, several other 

time series have been assembled: quarterly price indexes, working days 

per month, vacation and sick leave patterns, and various accounting 

parameters including overhead rates. 

The accounting system of LBL is designed to report all expenditures 

as having been made by the research groups. This practice is consistent 

with the PPBS system
4 

which facilitates the governmental allocation and 

appropriate system. The accounting system makes abundant use of allo-

cations --although many of these allocations are performed within the 

.overhead and support parameters. In terms of Table 5A-2 all of the 

payroll accounts (scientific payroll and support accounts) are calculated 

via an allocation process. For example, if scientist A earns $15,000 

per year.and has divided his time equally between two research groups 

and there are fringe costs of 30%, then the most straightforward method 

to expense his wage and fringe expenditures would be to charge each 

research group $9750 ($7500 plus fringe costs of $2250). But the actual 

allocation method charges each research group, not the scientist's 

actual wage, but rather, the average wage of the scientist's payroll 

!'LCC01,Ult• Corresponding to each research group, there is a payroll 

grouping. If the average salary in scientist A's payroll group was 

4
Novick (1967). 
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$12,000, then the two research groups would be charged $7800 ($6000 

plus $1800 fringe) as opposed to_the $9750. Thus, scientist A's re

search group is subsidizing the outside group to the amount of $1950. 

The stated reason the laboratory has selected this allocation scheme is 

in order to reduce the "bickering" between groups concerning which 

employee was actually going to do the outside work. For example, with

out this allocation scheme if two programmers could be assigned to an 

outside group, the inside group would prefer to assign the more expen

sive person and the outside group would prefer the least expensive. 

The current system would cost each programmer equally. In terms of the 

data generated and used for this study, the reported figures do not 

accurately reflect the economic costs of the resources consumed by the 

groups. Since the direction of this error can be either positive or 

negative, we will assume these measurement errors are randomly distri

buted about zero. 

The reporting system has only been recharging computer costs since 

fiscal year 1970. Since this time, the recharging algorithm has been 

changed numerous times, as has been the computer system's configuration. 

The allocation of the computer center's costs is biased downward since 

the capital cost of the equipment is excluded from the allocation base. 

The recharging structure is designed to promote an efficient use of the 

resources which is equitable to the wide classes of users while still 

recovering operating costs plus a small margin for expansion. Not 

only does the reported computer recharges not reflect economic costs 

(e.g., it is biased), it is not homogeneous, since the recharge structure 

and physical hardware and software have been changing over the five 
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year period under study. 

The final idiosyncracy .of the data base is its seasonality. The 

fiscal year begins July 1. In the last one or two weeks of June, faculty 

members from the University receive full time, summer research positions 

at the laboratory. Thus, the scientific payroll expense is high in July, 

August, and September and drops off in October and November. In December, 

the laboratory closes for the 10 day Christmas holidays and, although 

the personnel are still paid their normal monthly salaries, 10 of the 

31 days are charged (or expensed) against overhead accounts and not the 

research groups. Finally, scientific payroll expense in June tends to 

be slightly higher than the preceeding months since the summer research 

program starts. Although the data base being used in this study is 

drawn from one organization, the data on the individual operating 

groups exhibits a wide diversity over types of research and mix of in

puts. The five year span of the data covers a period of time when the 

overall budget in real terms was declining over most of the period, 

some groups were experiencing budget increases whereas other groups 

were experiencing large budget cutbacks. (Total Physics Operation, 

1968-1972: $19.5M, 20.0M, 20.1M, 18.7M, 17.6M). 
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, T APE3 ,INPUT,PUNCH,TAPEH, 

COMMG~ ISEN$TIDlil 1 DLOrDNHI,DNLO•DA,DB,DNA,DNB 1 0VH~BUD 1 0V(5) 
C 0 M ,.., U: ~ I 1\ I N l 2 ) , PAY ( 2 ) r W ( 12 ) , C ( 5 , 13 ) , B U DG ( 6 ) r A ( 5 , l 2 ) , BUR 0 
COMMO~ IUS/C~IN(5),CMAX(5) r1REVW,ALPl,ALP2,NlC5,02) 
OlMEI\~lO'J P/\(02) ,SCI (5rl3) ,$(5,12) ,X(60) ,fU60) rl:i67(90) 
01 ,.., [ N S l 0'; 1 0 iH 3 ) , I UP ( 3 ) , S S ( 3 ) , RAT 1 U ( 3 ) , A V G S ( 4 , 3 ) , 

l PP( lLO, 7) ,HliH2,2U 
CUM M U i ~ l1\ C T T I A C T ( l 2 r 5 ) , AM 0 ( 1 2 , 5 ) 1 1 G R P 
DATA Wl.~~,1.1,.95,2*1.,.9,5*1.0,1.05/ 
DATA AVG$112*0.01 
OAT A L ~ TYR I 5 I 
OA T A lr.l V W, ALP l , ALP 2/'t , 1 • 0 r 0. 31 
0 A T A l• V /1 • 4 i ~ 1 r 1 • 4 2 9 6 , 1 • 4 56 3 , 1 • 4 4 59 , 1 • 3 8/ 
0 A T A G h 1 , l' L 0 r 0 N H II • 0 ti , • 0 1 , • 181 

C************************************************ 
( 

c 
c 
c 
c 
c 
c 
(. 

c 

PARAME-TERS 
.IREVW 

ARE••••••••••••• 
MU IN WHICH THE GROUP STARTS TO REVlEW 
1 T S 13 UDGE T. 

ALPl - ~AX AMT UF SUPPLIES A GROUP CAN SPEND. 
ALP~ - MIN. AMT OF SUPPLIES A GROUP NEEDS. 
DHI,ONHI- SENSITIVITY PARAM(fERS. 

lGRUP = 4til~l L 
lGRlJP-=4H4140 
IGROP=41-iALL 
REWINL o 
RE:WlNU <J 
IGCTR·=O 
DO 66 1=1,60 

t.b X ( 1 ) = l 
1 READ 2,IG,T 

IGRP=IG/10.-409. 
1FllG~P.LT.1.0R.IGRP.GT.87) GO TO 3 
B67(1GRP)=T 

2 FORMAf (I4,F7.0) 
IF<IG.Lf.4q60) GO.TO 1 
GO TO Jl 

3 PRINT 4tlG 1 lGRP 
4 FORMAT(* 67 DATA OUT OF RANG~*,2lb) 

STOP 
71 PA(l)=lJOO.O 

C INITIALILl SALARI~S 
PAC2l=ll00. 
REP~ii.L 3 
ENDFILE: 3 
REWlhl) 3 

73 00 lY69 !Y=l,5 
READ .Y70,IG~P,(SCl(IY,lTlMJr1Tl~=l,l2) 
IF ( IGKP.t:.~.4HEND ) GU TO 161" 

19/0 FORMAT(A4,4X,-~P,~2F6.0) 
READ l97~r(Sl!Y,IT1Ml,ITIM=lr12) 



c 

READ 1972,(ACTCITIM,IY),[TIM=l,l2) 
BUOG(IY+ll=A~TClrlY) 
00 1971 IT1M=2,12 
BUDG(IY+l)=OUUGCIY+l)+ACTCITIM,JY) 

1971 co~n zrwt: 
1969 CONl !I~UE 

RMAX=-99. · 
1912 FORMAl ( 8X,-2P.12F6.0) 

IF CIGROP.EQ.IGRP) GO TO 72 
IF C IGI~CJP.I..JE.4HALL ) GO TO 73 

72 DECOU£(4,2,IGRP) IG 
IG=lG/10.-409. 
BUOG(l)=tl67(1G) 

CUMULATE ACTUALS Ar~D PRINT THEM ••• 
c 

. DO 1 973 1 Y = 1 r 5 
C C I Y, ! ) =ACT ( 1, I Y) 
DO 1974 ITIM=2,12 

1974 CC IY,l fli-\)=CClYtiTIM-l)+ACT(lTIM,lY) 
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C IF ALL 5 YRS Of DATA ARE NOT INCLUDED, SKIP GROUP •• 
IF(C(J"Y,l2) .• [Q.O) GO TO 82 

1973 PRINT 1975,IG~P,IY,CCCIY,IT1M),1TIM=l,l2) 
1975 FOR~AT(X,A4~* HISTORIC DATA YR=*rl2,12F8.0) 

c 
CALC A L P 1 , .\ L P 2 
c 
CON~ERT TO PERCENTAGES 
c 

DO 21 1 Y=l, 5 
Al=O 
DO 22 1Tlt'1=l,l2 

22 Al=Al+SCIY,ITIM) 
DLJ 21 ITIM=l,l2 

21 S( lY,ITIM)=S(lY.ITIM)/A1 
c 
C SORT PERCENTAG[S, HIGH TO LOW •••• 
c 

c 

124 

DO 123 1=1 ,60 
SM=9999999.9 
DO 124 J= I ,60 
1 F ( S ( J ) • G T. SI·D 
SM=S(J) 
IPT=J 
CONT HWE 
T=SClPT» 
SCIPT)=Stl) 
Stll=l 

! 23 CONT li.Ui: 

CALC ALPl, ALP2 •••• 
c 

00 1 2 -, 1 :::: 1 ' 2 
T=O 
DO 12 8 J = 1 , .:W 
L=J+(l-1)*30 

GO tO 124 



128 T=S(L)+T 
T=T/30. 

CALC STU. DEV. 

c 

Al=O 
ou 1~4 J=1,30 
L=J+(!-1)*30 

129 Al=Al+(T-S(L))**2 
S( 1)=(-l)~*l*( (Al/30.)**•5) +T 

127 CONTli;Ul: 
ALP1=S(2J/.083333J333 
ALP2=S(i)/.OdJ3333333 

CALCULATE FTlS •••• (FOR YEAR 1) 
c 

I Y =1 
Al=SCI(IY,l) 
00 1977 ITIM=2t12 

1977 Al=Al+~Cl(IY 1 ITlM) 
IF (1\l.U.;.O) GO TO 82 
SC I ( 1 Y , 13 ) =A l 
00 1978 ITIM=1 1 12 

1978 SCl(lY,ITIM)=SCl(IY,lTlM)/Al 
Al=SC.I ( 1,4) 
00 19U2 IT1M=5,l1 
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1982 Al=Al+~LI(l~ITIM) 
OOL=((~Cl+SCl(l,~)+SCl(l,3)J/3.-Al/8.)*SCilltl3) 
Nl(1,l)=OOL/PA(l) 
IF(Nl.LT.O) Nl=O 
DOL=SC.l(l,l3J-Nl*PA*3. 
Nl(l,2)=(~0L/12.)/PA(2) 

REWIND 2 
ENOflLl.: 2 
REWINl' 2 
BUkO=l.OO 

c 
C EXECUTION LIMITS FOR ALPl,ALP2 •••• 
c 

INCR=t. 
lNCR=lO 

C DO 20 l~IGH=l,3 
C HIGHST=.~O + .25*11HIGH-l) 

HlGHST=l.O 
LOWST=.l 

C MEDN=(HIGHST+LOWST)/2. 
C STEP=(MEON-l~WST)/~INCR-1) 

STEP=. J I ( INC R- 1 ) 
DO 20 IDHI=l 1 1NCR 
DHI=LUWST + (lOHl-U*STEP 
00 ~ \j i J i'JI H = l. 1 1 N C R 

C DNHI= M[U~ + (lONHI-lJ*STEP 
DNHl=LO~~T + (lONHl-l)*STEP 
DO 11 J = l, 2 
PAY(J)=IJA(J) 

11 N ( J ). = 1'1 l. ( 1 , J ) 
DA =DH 1 
DB=tDLO-Oiil )/l 2. 



.. 

DNA=DNHI 
DNB=(ULO-DNAl/12. 
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·WRIT~ (3,100) ALP1,ALP2,0HI,DNHI 
CALL ~It-'. 

CALC 
c 

R E S I 0 U ,\ L S • • • 

Al=R=O. 
T=O. 
DO 12 IY=l,LSTYR 
00 12 IT1f.',=1,12 
T = T + ( ;.\ C T( 1' f ll~ , I Y ) - A M U ( I T I M , I Y ) l * * 2 
Al=Al+ACT(!Tl~,IY) 

R = R. + AC l t I f 11-\, 1 Y) * * 2 
12 CONTILUE 

R=R/6C.-(Al/bU.l**2 
R=l.O-(l/60.)/R 
IFtR.Gf.RMAXlRMAX=R 
T=tl/t-0.)**·50 
IFtT.GT.9999999.)T=9~99999. 
WRITLt2.100) ALPlrALP2,0Hl,ONHI,T,R(l) 

100 FORMAT ( lOH [fHJ I 
l * GAMl~*rF4.lt* GAM2=*,F4.lr* ALPHA=*,F4.3, 
1 * BETA=*,F4.3r* STD.ERR=*• FS.O,* R-SC=*,f6.3) 

20 CONT HlUl 
ENOFILE. 2. 
ENUFILE 3 
RE rlll~l' 2 
REr.'JNC 3 

C O!~LY PRINT fHE l3E~T FIT •••• 
RL=-9E9q 

c 

RS=9E':H 
1 y::: l 
l SM=99'J999 

98 READ(2,102) IPRT 
102 FOK,..../d (5AlO,I7,7Al0) 

IFtlPRT(ll.Et.;.lOH END 
IF (E0Ft2))9o,97 

97 PRINT 102,1P~T 

fJO 

96 

d3 

ldl 
lj6 

61 
85 
62 

IF ( IPRT(6).GT.lSM) GO TO 98 
ISM=lPP.Tl6) 
00 tiC I= 1 , 4 
N t I ) = 1 PR T t 1 J 
GO TO 9& 
READ (3,101) IPRT 
IFtEmC3)) 8~,83 

DO l 8 1 I = 1 , '• 
IF(N{l).Nl.lPRTtlJ) GO TO 96 
CONT lNUE 
PRI~T lOl,IPRT 
READ t3,101)1PRT 
IFtEOF(3JJ b2,6l 
IF t 1 Pk T( l J .lQ. lOHoSI MULA TEO J 
IFtlPRTtlJ .NE. lOH END 
IF ( ICRCP.EW. 4HALL ) GO TO 
GO TO 161 

GO TO 98 

GO TO 60 
) GU TO tio 

71 



c 
c 
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PLOT R~SlDUALS••••••••••• 

&0 DECUOE(l30,104,1PRT) (A(lY,ITl~l,lTIM=l,l2) 
104 FOkMAT (19X,l2F9.0) 

IY=IY~.l. 

1FCIY.Lt::.5) GO TO 86 
SS=Al::O. 
SM =999Y999'l. 
BIG•O. 
DO 62. I Y= l , !> 
DO 6 2 1 T 1 M = 1 ; l 2 
L=ClY-ll*l2+1TlM 
IFCL.LE.21)81N(l,L)=31NC2,LJ=O. 
IF(ACT(L).Gf.BIGJ BIG=ACTCL) 
IF( Alll.GT.~IGJ BIG= A(l) 
IFCACTCLl.LT.SM) SM=ACT(L) 
IF( ACll.LT.SM) SM= A(l) 
R(l)=ACTCITIM,lY)-A(IY,ITIM) 
SS=SS+k.(Ll**2 
lFCL.~L.l)Al=Al+(R(L)-R(L-1))**2 
IFCRCLJ.LT.RS) RS=RCU 
lF(k(LJ.GT.RL) RL=RCL) 

o2 CONT H;UE 
DO 6 7 I =1, 5. 
IY=I+l967 

6 7 P UN C H 1 u 5 , I G R P , I y·, ( A C TC K , I ) , K = 1 , 12 ) , ( A ( 1 , K ) , K = 1 , 12 ) 
105 FORMATCA4,16,UF9.0/2(8F9.0/)) 

Al=Al/SS 
PRINf ll3,Al 

113 FOR;.ATC//*DUkt'lN WATSON STATlSTIC=*,F6.2) 
WRITE(9,115JIGRP,(N(l),l=l,4) ,SSll)~Al~ISM,RMAX 

li5 FORMhl(X,A4,4Al0 1 2F8.3,I9,F7.3) 
CALL PPLTCX,k.,l.Or60.0,RS,Rlr60) 

CALC. RESIUUhLS •••• 
c 

DO 29 L=l,3 
IDN(L)=lUP(L)=O 

29 SSIL)=O.O 
DO 35 L=l,5 
DO 35 K=l,l2 
KK=K-9 
IF (KK.U:.O)KK=1 
R=ACT(K,L)-A{l,K) 
IF (R )28,27,2& 

28 IDN(~~l=IUNCKK)+l 

GO TU 2.7 
/6 lUP(KK)=lUP(KK)+l 
11 SS(KK)=SS(KK)+R**2 

SSCll~CSSCl)/~0)**•5 

R=5 
SSC2l=CSS(2)/Rl**·5 
S S ( 3 ) = C !) S C J J I i1 l * * • 5 
00.75 l=l,3 
R=IUP(L) 
A 1 = 1 Lll'; ( l ) 
IFCAl.iJE.Ol GU lU 74 
RATIUCL)=O•O 
GO TO 76 



' .• 

74 RATJO(L)=R/1\l 
76 AVGS(~,ll=SStLJ+AVGS(l,Ll 

AVGS(Z,L)=IUP(L)+AVGS(2,LJ 
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75 AVGSt3,LJ=IDiHLl+AVGSl3,L) 
WRIT~(6,205)1GKP,SS,IUP,ION,RAT10 

205 FORMAT(A4,X,3~10.2,6ll0,3Fl0.3) 
IGCH-\=IGCTt{+l ./ 
GO TO U~ 

lol ENDF lll 8 
REWI~I) 8 
ENDFILE:. 9 
REWINL 9 
PRINT 118 

118 FORMAT(*lGROUP GAl GA2 ALPHA BETA KS TESl OW STAT STO ERR*, 
1 * k-SQ*/ I) 

162 READ(9,ll6) lPRT 
llb FORMAT (A5,A6,A4,A6,A4,A7,A3,A7,A3,4A8) 

IF ( EOF t <J)) 163,164 
164 PRINT ll7,(IPKTllltl=l,9,2),(1PRT(l),l=lO,l3) 
117 FORMATtA5,X,2A4,2l2X,A3),4A8) 

Go ru ~oz 

163 PRINT 109 
DO 2 3 L= 1, I GC f R 

109 FORMAT(*l*tl2X,*SQ. RESIDUALS*,20X 1 *NO. UP*t24X,*NO. DN*,22X, 
1 *RATIO UP/DN*/lOX, 4(3X,*MOS l-10*,7X,*ll*t8X,*l2*l/J 

READ<£,,110) TT 
110 FORMATt22A5,2Al0) 

IF ( E 0~ ( 8) ) 3 0, 2 3 
23 PRif'-41 lll,TT 

111 FORMAftlX,22A5,2Al0) 
200 DO 79 l=1,3 

19 AVGSt4,L)=AVGS(2,LJ/AVGSC3,L) 
30 DO leO K=l,3 

DO 16C L=l,3 
AVGS(K,Ll=AVGS(K,L)/IGCTR 

180 CON I HW.:. 
PR tNT l.l2t ( (AVGS(K,L) tl=1,3) ,K=l,4) 

112 FORMAl (*1 AVERAGES·•••••••*//(6X,l2Fl0.3/)) 
STUP 

101 FORMAT (13Al0) 
END 



c 
c 

c 

SUBROUTINE SIM 
REAL ~.DISC 
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COMMU~ ISENSTIDl4),0A,OB,ONA,ONB,OVH,BUO,OV(5) 
C 0 M M ur; I A I r~ U ) , P .\ Y (2 ) , W ( 12 ) , C ( 5 , 13 ) , l , U U 0 G ( 5 ) , A ( 5 , 1 2 ) , BUR 0 
COMMU:i/ACTTI t\CTCl2,:,),AMOCl2,5),1GRP 
C 0 M M Of\; I U S I (, ~H I H 5 J , C MAX ( 5 ) , 1 R [ V W , ALP 1 , A L P 2 , N l ( 5 , 2 ) 

OlMENSlUN TEMP(l2) 
LSTYR.~~ 

ICHOP=O 
ESTIMATe SUPPLY LEVEL 

T=N(l)*=PAYCll*3 
I= 2 
T=T+N( l l*PAY( 1 l*l2.0 
IY=l 
TT=lBUUGliYl-T*OV(IYllll2.0 
DO 13 J=l,l2 

13 C( IY,J l=TT 
DO 20 IY=l,LSTYR 
OVH=OV (I Y) 
IF(IY.EQ.l) GU T014 

C A I; D I N A V G • k A I S E •••• 
c 

00 51 J=l,2 
51 PAY(J)=PAY(J)*l.05 

c 
CALC. SUPPLY LEVEL •••• 
C THIS Yt:AI~S MONTHLY USUAGE IS AN AVERAGE OF LAST 
C YEARS USUAGEt EXCLUDING THE LAST MONTH.~ •• 
c 

TT=(BUU{;(IY)-(N(ll*PAY(l)*3.+NC2l*PAY(2)*12.l*OVHJ112. 
IF(TJ.Lf.O.) GO TO 15 
IF l T T • LT. C rH t H I Y -1 ) ) T T =A MAX 1 ( T T , C MIN ( I Y -l ) *. 8 ) 
IFCTT.GT.CMAX(IY-1)) TT=AMINllTT,CMAX(IY-1l*l.4J 
GO TO 141 

15 TT=.5*L~IN(IY-l) 
141 DO 16 J=l,l2 

16 CliY,J)=TT 
TT=TT*l2. 

C ESTIMATE NO. Of SUMMER HELP TO HIRE ••• 
T=BUDGCIYJ-TT-OVH*N(2)*PAY(2)*12 
IF(T.LT.O.) GO TO 17 
IFlT.LL.3*P~Y(l)*Nlll*OVHJ GO TO 14 
If( lCHUP.EQ.Ol GO TO 14 
IC HOP= 0 
Nlll~I~lXlfLUATlNC1J)I.a+.5) 

GO TO 14 
!1 lf~Ce~~CCIY-ll-BUUGliY))IBUDGtlY-l).LT •• 25l GO TO 14 

N(ll=lf1X(.8*FLOAT(N(l)J+~5) 

I CHOP= 1 
14 CMAX(lYl=ALPl*ADSlC(lY,l)) 

CMIN(IY)=ALP2*AOS(C(IY,l)) 
T T =C ( 1 Y, 1 ) .(- 1.:.. 0 
T=N( ll*PAY(l>*3 
1=2 



T=T+N(! J*PAY( l J*l2.0 
12 WRITE(3,102)UU0G(IY) ,TT,T,IY 

102 FORMAl(* BUDGET=*,F8.0,* SUPPLY 
1 * PA~kULL DUOGET=*,f8.0,* FOR 
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BUDGET=*,Ftl.O, 
Yt.I\R *ti3J 

C START SIMULATION 
c 

WR IT E ( 3, 1 04 J 
104 FORMAT(//32X,*DISC*r1HX,*YRLY*/* YR MO PAYROLL SUPPLYS*• 

1 * YTIJ CUTUFF OELTY N0*,7X,*DELTA BUDGE:T*/J 
T=NDl~C(l)*W(l) . 
TT=DlSC(l,IYl*W(l) 
TOT=- T 
TOTT=TT 
A { I Y , .: ) =l * U V ll + T T 
1 F I I G i·~ P • li.J • 4 H 4 3 0 0 • AND • I Y • E Q • 1 J A ( I Y , 1 ) = 2 0 0 0 ~ 
ITIM=~ 
WRITE{J,!Ol)lYriTIM,T,TT,A(lY,l) 

101 FORMATl2I3,3F8.0,2F1.0;I3,A5,F7.0) 
00 50 IT1M=2,l2 
T=NDlSCCITIMl*WilTIMJ 
TT=OlSLllTIM,IY)*W(lTIM) 
TOT=TlJf-tT 
AI IY,J IIM)=A(IY,ITlM-l)+T*OVH+TT 
1 F { 1 G~·. t>. EQ. 4H4 300. AND. I Y. EQ.l. AND. IT I M. L E. 6 J A ( I Y, IT I .M J = 20 00. 
TOTT=TUTT+ rT 
WR[Tcl3,10lliY,ITIM,ftTT,A(IX,ITIMJ 

~0 CONT U J U!.: 
WRITE(3,103JTUT,TOTT 

103 FORMATl*TUTALS*,2~8.0) 
200 FUKM/d l*OSH1ULATED SPENDING*; 12F9.0J 

AMO{ 1 1 lY) =A( IY ,l) 

DO 20.3 J=2,12 
203 AMOIJ 1 lY)=A(lY,JJ-A(IY,J-1) 

W ~ 1 T L ( 3 t2 0 0 ) ( ;\ M 0 ( J , 1 Y ) • J = 1 , 1 2 J 
WR I T l { 3 , 2 0 2 ) ( .\ C T ( J , I Y ) , J = 1 , 12 J 

202 FORMAfl* ACTUAL SPENDING*,12F9.0) 
20 CONTitWt.: 

RE IURrl 
END 

REAL FUNCTIOr! NOISCIITIMJ 
COMMON/A/N(2) 1 PAYl2) 1 W(12J,C(5,13J,BUDGl6),A(5,12J,BURD 
NO 1 SL = 0 
lFliTIM.GT.3) GO TO 10 
NOl~L = N(l)*PAY(lJ 

10 I =2 
N D I S C = ~,aJI S C +I H 1 ) * P A Y ( 1 J 
RETUK!l 
END 
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REAL NDlSC . 
COMMUi'l/A/N(2) ,PAY(2) ,W(l2) ,C(5,13) ,BUOG(6) ,A( 5,12),BURO 
C 0 M M 0 ll I U S I C M 1 N ( 5 ) , C. ~1 A X ( 5 ) , I R E V W , A L P 1 , A l P 2 , N 1 ( 5 , 2 ) 
COMMON/SENST/OHI,DLU,QNHI,ONLU,OA,OB,ONA,O~B,OVH,BUO 
OAT A I VE:K, lNOL R/1tiOVC RRUN, BHUNDERRUN/ 
ICOMtti T=l 
BUD=kEVlU(IY,IllM) 
IF ( ITIM.GE.IREVh) GO TO 10 

5 DISC=CtlY,1TlM) 
RETURN 

10 DELTY=Ak(IY,ITIM-l)*tl2./tlTIM-1)) -BUD 
T=(OA~uB*ITIHJ*BUO 

TT=T 
IFtAB~(OELTYJ.LT.l) GO TO 5 
OELTA=DELTY/(~3. - ITIM) 
IF (0~LlA)30,5,20 

COST 
c 

UVER-kU:l 

c 

20 T=CliY,ITIMl-DELTA 
lfttllYrlflM).EQ.CMIN(IY)J CMIN(IYJ=CMIN(IYJ*.9 
1COMEh T= I VCi~ 
If(T.LT.CMIN(lY)) T=CMIN(lY) 

21 WRITE(3,100)1Y,IT1M,TT,OELTY,BUD 
100 FORMATt213,24X 1 2F8.0,~6X,F8.0) 

DO 2 t. 1 T = I llll , 1 2 
22 C( IY,Il)=T 

IFtlCLMCNT.EQ.IVEk.ANO.T.EQ.C~IN(lYJ) GO TO 50 
1 F ( 1 C. ut-a: :·H • E (J • 1 N 0 R • At lU • T • E Q • L MAX ( I Y ) ) G U T U 6 0 

GO TO ~ 
CHA.~GE NUMBlK. UF PEOPLE IN BUDGET ••••• 
c 

~0 DELTA=U~LTA+f-C(IY,ITIM) 
51 CALL EMPLYCITlM,OELTA,IY) 

GO TO ~ 
COST UNO fR-1{ U'-J 
c 

jQ T=CtiY,IllM)-uELTA 
lF(C(lY,lTIMJ.E~.CMAX(IYJ)CMAX(IYJ=CMAXCIY)*l•l 
lCOFV.t::NT=INDR 
IF (T.GT.Ct-1AX(lY)) T=CMAX(IY) 
GO TO Ll 

C I~CREAS~ ~0. OF PEOPLE IN GROUP TO ABSORB DEFICIT ••• 
c 

r 

60 DELTA=DllTA+T-C(IY,ITlM) 
CALL tMPLYliTIMrOELTA,lY) 
GO TO 5 

8 RE TU1Hl 
END 



c 

c 
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SUORUUTINE EMPLVtiTlM,DELTA,lV) 
COMMUN /SENST/DHI,DLO,UNHI,UNLO,OA,UB,DNA,DNB,UVH,BUO 
COMM~N/~/N(2),PAVC2),W(l2),C(5,l3),BUOG(6),A(5,12),8URO 

IftiTIM.GL.10) KETURN 
T=O 
DO 1 J=1TIM,;.2 

1 T=T+C(IY,J) 
J=2 
TT=PAV(J)*NCJ)*(l3-ITIM) 
DEL TV= T +TT*OVIi+AA (I Y, IT I M-1)-BUD 
DELTA=DELTV/(i3.-1TIM) 
TDELT=ABSCDELTA) 
IFIRE=l 
IFCDELlA.GT.O) IFIRE=-1 
IF (ABS(UllfY).LE.CDNA+ONB*ITIMl*BUO) RETUkN 
1A=6H tHP.ED 
lF(lflRE.LT.O) 1A=6H FIRED 
NO=TOlLT/lPAY(2)*0VH) 
IF(NO.Ll.O) GU TU 8 
IF( N(2).EQ.O) GO TO 9 
XN=f\JO 
XN2=N(L.) 
IFCXN/XN2 .GT. 0.10) NO=N(2)*·10 
Nl2)=N(2)+1FlRE*NU 
WRITEC3,100)1Y,ITIM,NO,IA,DELTY 

100 FORMAll2I3,38X,I3,~5,F8.0) 
8 RElUK.N 

· 9 WRITE(3,101) 1V,ITIM 
101 FOkMATi213,40X,*Nl2l=O~) 

RETUKN 
END 

FUNCTION AA(IV,ITlM) . 
COMMON/A/N(2) 1 PAY(2),W(12),C(5,13),BUDG(6),A(5,12),BURO 
COMMOtdACTl/ ACT(ll,~.d ,AMO(l2,5) 
IF lS~=l, TRACK 01-1 SIML 
ISW=l 
ISw=2 
IF(ISW.EU.2) GO TO 5 
AA=AllV,lTIM) 
RE TUR1~ 

5 AA=O 
DO b I = 1 , I T I M 

6 AA=AA+ACTCI,IY) 
RfTURI~ 

END 

FUNCTIUt! REVI~(IY,ITlM) 
COMMGN/SENST/D(9),BUO 
COMMOtl/A/X(el) ,BUDG(6) ,A(5,12) ,t3URO 
REV I B= BUDG (IV+ 1) 

IF JSW=1, UU NGT AVG YCAKLV BUDGETS BUT USE CURRENT YEARS BUDGET 
IS W= 1 • 
IFCISh.lU.l) RETURN 
IFCITIM.GE.7)RLTURN 
REVIB=l8UUGClV+ll-BUDGCIY))*CCITIM-3)/4.)+KUDGCIY) 
RE TURf~ 
END 
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CHAPTER 6 
Validation of the Simulation Model 

The validation of the computer simulation model is pre sen ted 

1n this chapter. The first section reviews the validation procedures 

developed by other researchers and sets forth the general validation 

methodology to be employed. The procedure used, tests the simula-

tion model 1 s assumptions (the premises) and then, determines the 

simulation's goodness of fit to the actual data. R
2 

statistics have been 

previously reported. Two additional goodness of fit tests are performed. 

A simple regression model is estimated from the actual and simulated 

data as a test of the simulation's biases and a number of alternative 

descriptive models (naive regressions) are estimated as a test of the 

simulation's relative goodness of fit. The final section discusses the 

methodology of computer simulation and its appropriateness as applied 

in this research. 

6. 1 The Process of Validation 

Validation has been described as the process of building an 

acceptable level of confidence that an inference about a simulated pro-

1 
cess is a correct or valid inference for the actual process. There are 

two critical, inter-related points which must be emphasized prior to 

any discussion regarding simulation validation: 

1 

2 

The problem of validati_ng computer models is perhaps the most 
elusive of all the unresolved methodological problems associated 
with computer simulation techniques. 2 

Van Horn (1971), pp. 247. 

Naylor (1970), pp. 153. 
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Second, any discussion of the validation' process inexorably leads to the 

-
broader, unresolved questions of methodology, inference and theory 

building. 

The problem of validating simulation models is indeed a difficult 
o.ne, because it in~olves ~host ofpra~t.icalj theoretical, statis
tlcal, and even ph1losoph1cal complex1t1es. 

We would like to "prove" that the simulation model of the preceding 

chapter is a "true" representation of the actual decision making process 

of scientists. Essentially, this requires an acceptable methodology 

which allows us to differentiate "truth" from "near-truth." Unfortu-

nately, these methodological questions are still· far from settled. 
4 

Since it is beyond the scope of this research to resolve these problems, 

those validation techniques other researchers have found useful will be 

applied. In particular, we will follow the general validation procedure 

as outlined by Naylor and Finger (1967). 5 

This procedure is based on the fundamental concept of inductive 

inference. 

According to this doctrine, inductive inferences are 'probable 
inferences. 1 "We have described," says Reichenbach, "the 
principle of induction as the means whereby science decides 
upon truth. To be more exact, we should say that it seems to 
decide upon probability. For it is not given to science to reach 
either truth or falsity ... but scientific statements can only attain 
continuous degrees of probability wgose unattainable upper and 
lower limits are truth and falsity. 11 

· 

Since the truth or falsity of a model cannot be proven, we will concen-

trate on the degree of confirmation of the simulation. "Thus, instead of 

3 Naylor (1971), pp. 21. 
4
Wong (1973). 

5
Naylor and Finger (1967). 

6 
Popper (1959), pp. 29. 
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validation, we may speak of gradually increasing confirmation of the 

7 law. 11 Van Horn has adopted a similar approach: 

Seldom, if ever, will validation result in a 1proof1 that the sim
ulator is a correct or 'true' model of the real process. A simulator 
on a digital computer is a particular instance of a finite-state machine 
that will transform inputs into outputs. Thus, Turing's proof on the 
equivalence of finite-state machines implies that one can never prove 
that two machines are identical just by comparing input-output trans
formations no matter how large a (finite) sample is used. Thus, in 
concept at least, validation reduces to a standard decision problem-
to balance the cost of each action against the value of increased infor
mation about the validity of the insight.8 

The approach of Naylor and Finger consists of the following 

three stages: 

1. Formulate the set of postulates (or basic assumptions) 

underlying the model. 

2. Attempt to validate the postulates. 

3. Test the model's ability to predict. 

A fourth step is usually included in the procedure: tests of the model's 

internal consistency. In analytic models this step includes verifying 

whether or not the conclusions deduced from the premises conform to 

the laws of logic. In computer simulation, this fourth step is usually 

called verification and includes tests as to whether .or not the computer 

program actually is doing what the researcher intends the program to 

do. Are there any programming "bugs?" 

The first step, specifying the underlying assumptions was dis-

cusse.d in the preceding chapter. A thorough examination of the model's 

implicit and explicit assumptions forms our initial degree of confirma-

tion in the model. 

Car94p (1963 ). 
8 Van Horn (1971), pp. 248. 
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6. 2 Tests of the Model's Assumptions 

The basic assumption underlying the simulation is the model's 

reliance on equation 5.1: 
12 .... 

A= -t- Ct - R . 

Most of the model's informational needs enter through equation 

5.1; cumulative dollars spent to date and total dollars available to be 

spent. All of the other assumptions enumerated in Chapter 5 tend to 

act as constraints on the decision process. But equation 5.1 defines 

precisely the information required and the prediction rule. Thus, 5.1 

is critical to the simulation and also to the hypothesis that scientists 

use linear decision rules. 

A form of protocol analysis 9 of psychology. is used to validate 

5.1. Protocol analysis is the process whereby human subjects are 

asked to record verbally their mental thought processes as they are 

performing some experimental task. A behavioral theory can be tested 

by comparing the actual observed protocols to those behaviors predict-

ed by the theory. The form of protocol test used to verify equation 5.1 

is to search existing written documents (interna1 memos) of LBL for 

those pertaining to the spending rate decision. Instead of designing an 

experiment whereby scientists are asked to make simulated spending 

decisions and recording their thought processes, written memos are 

analyzed to determine whether or not the decision rules of the memo 

are consistent with equation 5.1. 

Appendix 6A presents one such memo and demonstrates that its 

decision rules are consistent with equation 5.1. As a protocol, the pre-

9Newell ( 1969). 
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diction method in this memo relies on two basic numbers - historical 

spending and the budget; and, the calculation of the expected budget 

variance is similar in form to the method of calculation in the simu-

lation. Thus, when viewed as a protocol, the memo and others like it, 

lend support to the validity of the assumptions underlying equation 5.1. 

6. 3 T.ests of theMod~l 1 s Predictive Ability 

The simulation model's predictive ability is tested in two ways: 

first, the correlation between model prediction and observed behavior, 

and second, the relative predictive power of the simulation and various 

alternative models. 
10 

" 6. 3. 1 Correlations Between the Simulation's Predic.tions and the 
Actual Observations 

The following regression was estimated for each research 

group: 

[
actual m~:mthlyl 

expend1ture J = a + ~ [simulatio~ pred.icted] + e 
monthly expend1ture 

and the results are pre sen ted in Figure 6-1. For the simulation mod-

el to be an unbiased prediction of the real process, a (constant bias) 

must equal zero and~ (multiplicative bias) must equal one.
11 

If a f= 0 

and/or~=:/= 1, then there are biases in the simulation. Figure 6-1 pre-

sents the results of the estimated regressions. Most of the intercepts 

1 
Both of these tests have been used to verify the simulations of 

Crecine ( 1969) and Gerwin ( 1969). 
11

Gerwin (1969), pp. 93. 
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Figure 6-1 

Test of Biases in Simulation 

Actual = a + j3 (Simulated) + e 

... 
t ' .... R2 a sj3 GROUP ($OO's) a j3 D-W 

1 -382.4 1. 50 1.15 . 11 1. 98 . 66 

2 13.2 . 77 . 81 .15 1. 62 .34 

3 13o5 0 29 .97 .08 1. 67 . 73 

.4 -207.6 4o5 1. 23 .06 1. 61 . 88 

5 -5.7 o15 1. 02 .14 1. 16 . 49 

6 29.1 o19 .90 .18 . 42 .30 

7 86o5 1. 51 .84 .11 1. 59 . 51 

8 -104.0 1. 69 1. 24 . 15 1.30 0 53 

9 -23.4 . 44 1. 06 .10 2.04 . 67 

10 -50.9 1. 42 1. 10 .07 1. 67 . 79 

11 144.1 1. 47 0 53 .30 1. 28 .05 

12 263.2 5.02 . 50 . 10 2.05 . 31 

13 -105.1 . 70 1. 16 .24 2.31 . 29 

14 32.3 . 20 .96 . 19 1. 38 . 32 

15 -85o 1 2.00 1. 19 .08 1. 70 . 78 

16 29.6 2.07 . 66 . 1 3 1. 27 . 31 

17 245.8 1.80 . 87 . 09. . 61 . 60 

18 525.6 . 85 . 88 .14 1. 87 . 42 

19 159.9 1. 21 1. 20 . 17 1. 90 . 45 

All groups 
pooled 3o36 0 43 .99 .006 1. 23 .96 
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are not statistically different from zero and most of the slopes are 

around one (e. g., a 95% c01;fidence interval about~ will contain f3:::1 for 

fifteen of the nineteen groups). The simulations of research groups 4, 

12, 15, and 16 indicate severe biases, both a f 0 and f3 f 1. When all 

nineteen groups are pooled and the equation is estimated with N = 19 X60 

::: 1140, a and~ are not statistically different from zero and one respec

. .1 12 tlve y. 

6. 3. 2 Alternative Models 

Demonstrating that the simulation out-performs other alternative 

13 
models as a form of validating simulations has been used by Clarkson. 

These tests have not confirmed the model, but they have served 
the function of negating several alternative hypotheses. To 
directly confirm the model one would have to demonstrate that 
this was the only model which could yield the given results, or 
better. Clearly, this is not a feasible task and one has to be 
content with demonstrating that the model performs better thari 
some alternative hypotheses. 

Mean squared error (or standard error) will be the criterion used to 

differentiate models. This criterion was chosen for several reasons: 

both the simulation model and least squares seek to minimize mean 

squared error (mse), mse provides an unambiguous ranking of models, 

and mse is relatively easy to use. However, there are problems attached 

to the mse criterion, the most fundamental being that mse assumes a· 

symmetric loss function for the residuals and it is not clear this is the 

proper loss function for non-profit organizations. However, Jorgenson, 

12
A more appropriate test than the ones performed here would include a 

joint test of a:::O and f3::: 1 simultaneously. Wonnacott and Wonnacott ( 1970). 
A confidence ellipsoid is constructed about (a,~) and the test of whether 
the ellipsoid contains (0, 1) is made. 
13 Clarkson (1962), pp. 76. 
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et. al. (1970) used mse and the Durbin Watson statistic to compare 

investment models. 

( 6. 1) 

(6. 2) 

(6. 3) 

(6. 4) 

The following alternative models were estimated. 

2 
cty=b0 +b 1ttb2 t +b 3Ry + 

cty = (bo + b1 t + b 2t
2

) Ry + uty 

= R e<bo 
2 

cty 
+b 1t+b2t) 

y uty 

c1y = b1(Ry - ~~ 
11 

c. ) + ut ty y 

Ry - L ciy + uty 
i=1 

u 
ty 

t = -1' 

y = 1, ... '5 

t=1, ... ,11 

y = 1, ... ,5 

t = 12 

<6 · 5 ) ct=bo+b1ct-1+ut t=2, ... ,60 

(6. 6) cty = b 0 + b 1d 1 + b 2d 2 + b 3d 3 + b 4Wty + b 5RY + uty 

t=1, ... ,12 
y = 1, ... '5 

where C-
ty 

total expenditure in month t, year y 

R 
y 

total budget in year y 

uty error term 

_d1 1 during summer months, 0 otherwise 

d2 1 during December, 0 otherwise 

d3 1 during June, 0 otherwise 

wty adjusted number of working days in month t of year y 

Equations 6. 1 and 6. 2 forecast the total amount spent in month t 

ofyear y, cty' as a function of quadratic time and total budget. In 

order to allow for th.e symmetry of the quadratic form, t takes on 
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positive and negative values. 

13 2 
t = - IT+ IT (m), m=1,2, .... ,12. 

Both equations 6. 1 and 6. 2 explain total spending patterns according to 

seasonality trends, summer employment, Christmas holidays, andre-

hiring summer staff in June. Equation 6. 1 assumes the effect of the 

seasonality is independent of the. size of the budget, whereas 6. 2 assumes 

seasonality and budget size are multiplicative. Equation 6. 3 is an alter-

native formulation of the seasonality assumptions of 6. 1 and 6. 2 where 

the relative weights of the errors are logarithmic . 

. Equation 6. 4 assumes the spending rate, bt' m each month is a 

fixed proportion of the remaining dollars to be spent. The remaining to 

be spent is, 

In the last month b 
12

= 1. Thus 6. 4 requires 11 parameters to be fit, 

each to 5 observations. 

Equation 6. 5 is a simple lagged variables model where the serial 

correlation of the dependent variable is explicitly taken into account.
14 

This model assumes that spending in each month is equal to some under-

_lying amount, b
0

, and some fixed proportion of last month 1 s spending. 

Equation 6. 5 is attempting to capture the notion of "inertia" in the 

research. 

Equation 6. 6 estimates the seasonal patterns by use of the dummy 

14 
Wonnacott and Wonnacott (1970), pp. 146, demonstrate the least 

squares estimation of (6. 5) is equivalent to maximum likelihood, if c 1 
is considered fixed. 
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variables d
1

, d
2

, and d
3

. In addition to the three dummy variables, 

another independent variable, w ty' is used to account for the effective 

length of each month. W ty is the number of working days (as opposed 

to weekends and holidays) each month contained, adjusted for vacations 

and sick leave taken. 

Obviously, there exists many more models that could be tested. 

Several variations of the above six models were run, but their perfor-

mance did not equal the performance of the reported models. These six 

models represent a rather broad cross-section of the rnore commonly 

used econometric time-series models and, if the simulation out-per-

forms these models, then our confidence in the simulation should be 

increased. 

15 2 
Figure 6- 2 reports the standard errors and R summary 

statistics for the six alternative models. 
2 . 

All reported R figures are un-

adjusted. Appendix 6B contains more detailed statistics on the individ-

ual models. Model 6-4, which fits eleven coefficients, out-performs 

the other regression models. Th.e first three models, based on the 

quadratic time variable, all perform roughly the same; the exact specifi-

cation of the model does not significantly affect the standard error. 

However, these three models are clearly out-performed by 6. 6, where 

. 
All of the regressions were estimated using single equation, ordinary 

least squares. Since all of the research groups belong to the same divi-
sion of the laboratory, we know there are dependencies between the 
groups: thus, the disturbance terms across equations are correlated. 
Although the ordinary least squares estimates of the coefficients are 
linear and unbiased; they are not minimum variance. Zellner (1971), 
Section 8. 5, describes this as the "seemingly unrelated regression 
model." The correct estimation procedure is to construct a variance
covariance matrix of the disturbance terms between the different equations 
and then, to re-estimate all of the coefficients using this variance-covariance 
matrix in a generalized least squares procedure. Theil ( 19 71) pp. 293-311, 
also discusses this estimation procedure. The author is indepted to 
K. Gaver for pointing out this problem. 
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Figure 6-2. Summary Results of Regression Models Undeflated Data 

6. 1 6.2 6.3 6.4 6.5 6.6 

Group 
R2 R2 R2 R2 R2 R2 No. Std. Err. Std. Err. Std. Err. Std. Err. Std. Err. 

1 18961 0. 59 19014 0.60 19007 0.60 14267 0.77 0.31 17422 . 69 

2 5906 0.15 5716 0.21 5980 0. "14 5227 0.33 0.00 5889 .24 

3 8618 0.62 8703 0.63 8789 0.62 7707 0.70 0.58 8642 . 67 

4 8995 0.92 9841 0.90 10736 0.89 8493 0.93 0.81 9382 .92 

5 6264 0. 48 6270 0.49 6319 0.48 5912 0.54 0.43 6754 . 46 

6 6519 0.88 11309 0.68 6866 0.88 5529 0.92 0.70 6325 . 91 

7 10939 0. 41 11097 0.40 11089 0.40 9594 0.54 0.28 11342 . 43 
I 

8 10865 0.48 10810 0.49 10931 0.48 9985 0.56 0.40 11336 . 49 ....... 
~ 

9 5908 0.69 5926 o. 69 5987 0.68 4763 o. 79 0.38 5874 . 72 
00 
I 

10 7983 0. 77 7575 0.81 7868 0. 79 6621 0.85 0.69 7481 . 83 

11 3973 0.23 3960 0.25 3972 0.25 3156 0.52 0.09 3813 .36 

12 13602 0.38 13821 0.38 16130 0.15 11908 0. 53 0.06 14810 . 35 

13 19821 0.16 19813 0. 18 2 7419 -0.57 17700 0. 34 0.01 20693 .18 

14 13887 0.36 13883 0.37 13590 0.40 11759 0.54 0.30 14234 . 41 

15 153 78 0.74 11918 0.85 14051 0. 79 10648 0.88 0.66 16908 . 72 

16 3870 0.14 3881 0.15 3913 0.13 3740 0.20 0.22 4090 . 13 

17 46224 0. 74 48178 0.72 76555 0. 29' 45959 0.74 0.72 51505 . 70 

18 48603 0.24 48623 0.26 48746 0.25 43708 0.39 0.15 48195 . 31 

19 14863 0.20 14875 0.21 14715 0.23 13134 0.38 0.09 14231 .34 

Means* . 48 . 49 . 47 . 60 .36 . 52 

*Negative R 21 s excluded from computation. 

------~- -·--· --··---
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the seasonality is represented by three dummy variables and an inde-

pendent variable representing the effective length of the month. The 

relative predictive ability of the six models as measured by their stan-

dard errors is explained by the number of fitted parameters. Model 6-5 

with only two fitted coefficients performs least well. However, roughly 

36o/o of the current month's expenditure can be explained by last month's 

expenditure. This finding would seem to suggest that a distributed lag 

model, especially given the long-term nature of the experiments, is 

probably a more accurate specification than the ones employed. Of the 

11.4 equations estimated in Figure 6-2, all but six reject the hypothesis 

that the models have no explanatory power (e. g., the joint test that all 

the independent variables' coefficients are zero). 

The regression models were estimated using the actual expendi-

ture data unadjusted for price changes. Since the ·simulation included an 

annual 5o/o wage inflator, the regressions were re-estimated using price-

adjusted monthly expenditures. The following procedure was used to 

gene rate the adjusted data. 

L Total expenditures are comprised of payroll expenses 
(scientific and support), computer charges, and procurements. 

2. A quarterly price deflator for payroll expenses was construc
ted based on the average salary at LBL over the 5 year period. 

3. The U.S. Department of Labor's annual price index for dura
ble manufactured goods was used to deflate procurements. 

4. The price deflator for computer costs was constructed based 
on changes in the recharging algorithm and the change in 
computer productivity. 

5. Monthly deflators were interpolated in a linear fashion from 
either the quarterly or annual deflators. 
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6. The three expense categories were individually deflated by 
the appropriate index and then aggregated to a total monthly 
deflated amount. 

The R
2

's rise by roughly 3-4% when the regressions are estimated using 

the price-adjusted data. (Figure 7 in Appendix 6B). The relative per-

formance (in terms of goodness of fit) of each regression model using 

price adjusted data does not change. The price deflators were not as 

. precise as one might wish (e.g·., the deflator for computer recharges), 

but still, the deflation process did not materially affect the R 21 s. 

All of the regression models, utilizing both the deflated and unde-

flated data, exhibit roughly the same degree of first order serial corre-

lation in the residuals; roughly 7 of the 19 groups reject the null hypoth-

esis of independent errors at the 5o/o significance level. It is interesting 

to note that for those groups (e. g., groups 4, 6, and 10) that have rela-

2 
ti vely high amounts of explained variation, the R 's across models ar,e 

all high and for the low explained variation g,roups (e. g., 2, 13, and 16) 

2 
all of the R 1 s are low. Thus, the degree of differentiation between 

models is not great. 

The simulation model is now compared to the regressions. 

Recall that the simulation fits two parameters to the data: a and f3 are 

the sensitivity parameters in the decision rules. In addition, the simu-

lation "uses" roughly one or two more degrees of freedom in initializing 

some variables. Very crudely then, the simulation should be compared 

to regression models of four variables. All of the regression models 

except 6-5 fit at least four and 6-4 fits eleven coefficients. In addition, 

·the regressions determine coefficient values which minimize mean 

squared error; whereas, the simulation determines the (a, (3) pair with 
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the smallest mean squared error in a sample of one hundred pairs. The 

third reason why the regressions are expected to out-perform the simu-

lation regards the former models' ability to "capture" some of the latter's 

decision rules. For example, the simulation usually produces the fol-

lowing scenario. 

1. Due to the summer bump, linear predictions of total spending 
are high in months four and five. 

2. Thus, spending in months five, six, and seven is reduced. 

3. In months seven, eight, and nine, the reduced spending in 
months five, six, and seven balance out the summer and 
predictions of underspending occur causing spending levels 
in the last months to rise.· · 

Thus, the simulation's linear prediction model in conjunction with a 

summer effect generates a seasonal spending pattern whic"h can then be 

impounded in the time-series regression models. Therefore, all the 

regression models, except for 6-5, are not alternative hypotheses to the 

simulation but rather tend to capture any seasonal patterns produced by 

the linear decision rules of the simulation. 

Given the preceding three arguments, we would not expect the 

simulation to out-perform, at least significantly, the regression models. 

Figure 6-3 confirms these expectations. Table 6-3 summarizes the per-

formance (in terms of squared error) of the simulation and regression. 

Figure 6-3 Comparison of Regressions and.Simulations 

Regression Number of research groups where the simulation's squared 
model error is less than the regression's squared error. 

6.1 
6.2 
6.3 
6.4 
6.5 
6.6 

11 
10 
11 

4 
14 
·10 
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The simulation fits the data as well as most of the regression 

models of roughly the same degrees of freedom. Except for model 6.4 

which fits eleven coefficients, the simulation out-performs the other 

regressions on over half of the research groups. 

The Summary to Chapter 2 (Section 2. 4) based on the general 

T-period model postulated that ct for t=O, 1, .... , 11 is a random variable. 

The reasoning was: at every decision point t, the model is reformu-

lated and solved for the optimum action at. But this action depends 

on the stochastic state just revealed (e. g., atE At(st)). Therefore, 

at is a random variable and likewise the costing function (e. g. , the 

accounting system) produces a period cost ct which is stochastic. 

Based purely on the dynamic nature of the normative model (2. 5), it is 

very surprising that the empirical models explain any variation in the 

monthly expenditure data. Or, to turn the. situation around, it is not 

unsurprising that the empirical models only explain one half of the 

variation in the data because of the stochastic nature of the underlying 

process. The normative model suggests that, unless the time between 

decisions is quite long (e. g., over six months) and thus, the data is 

fairly stable, we should not expect great predictive powers from any 
' 

empirical models (either regression or simulation).
16 

1 
Empiricists might take offense with this conclusion. Numerous other 

regression models (including linear expenditure systems) were estimated 
with even less success than the models reported. The author is quite 
confident that the underlying process is sufficiently stochastic as to pre
clude any regre s sian system (where the number of estimated coefficients 
is less than seven or eight) from being able to explain much more than 
60% of the variation. Any researcher willing to expend the resources 
trying to disprove this conjecture will have the entire data base placed 
at his disposal. · 
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6. 4 The Methodology of Computer Simulation 

This chapter seeks to build an acceptable level of confidence in 

the inferences drawn from the computer simulation model. The limita-

tions of the computer simulation methodology are an important aspect 

of the validation process. This section explores these weaknesses. 

This discussion has been deferred in order to discuss the methodological 

. problems in the context of the specific simulation. 

The use of simulation methodology has been referred to as "when 

all else fails, "
17 

or as a '.'numerical technique for conducting experi-

ments with certain types of mathematical models which describe the 

behavior of a complex system on a digital computer over extended periods 

of time, 1118 (emphasis added). Simulation, as a method of studying 

various processes, is a very new tool, only dating back to the late 1950's. 

Its growth is partly attributable to the growth in the availability of com-

puting resources. Since the methodology is so new it .lacks a unifying 

theory.19 And without this theory, it is difficult to analyze, or judge the 

rigor, or accuracy, or even the implications of a particular simulation. 

In fact, a simulation can be exceedingly complicated, almost as com

plicated as the process i! seeks to understand.
20 

Thus, to all but the 

builders of the model, the simulation becomes a "black box." Without 

a unifying theory, the limitations of the methodology and the associated 

tests for the various problem conditions are also non-existent. 

17 Wagner (1969), pp. 889. 
1 ~Naylor ( 197 0). 
19wagner (1969), pp. 891. 
20

Ibid. 
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The problem is that not enough is known of the methodology and in 

order to evaluate any specific simulation, the general modeler's dilern-

2 1 . d . d 1 1 . . 11 d . rna 1s encountere .1n rno e cornp ex1ty versus a we structure vtew 

of the world. A simulation is constructed in order to improve our under-

22 
standing of a process, but to capture the reality of the process many 

complexities must be introduced until finally, such a complicated model 

is produced that either it cannot be solved or else the statistical tests 

of the model's validity are highly questionable. Eventually, it may be 

just as difficult to discern the underlying relationships in the model as 

it is in the real-world process. Given the "black box" characteristic of 

many simulations, the reader is asked to accept on "faith" the internal 

validity of the computer program. For example, are the statistics being 

calculated properly? These problems are not unique to simulation, but 

at least in regression analysis, where the researcher is using a "canned 

program", ·our "faith" in the internal validity of the computer program 

must be higher, since numerous other researchers have used it. One 

way to solve this problem of internal program validity is by writing the 

23 
simulation in a meta-language. At least the reader can then be assured 

that the reported statistics are calculated properly. Unfortunately, these 

meta-languages are designed to simulate queuing processes, not decision 

processes. 

21 
Wagner (1969), pp. 10. 

22 
Van Horn (1971), pp. 247. 

23
GPSS, DYNAMO, SIMSCRIPT, SIMULA. See Naylor (1970) for a 

description of these languages. 
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Far too often, computer simulations are employed as a substitute 

for regression analysis. When this is the case, the reader should 

approach the findings of the study with caution. But when simulation is 

employed in situaticms where regression analysis is inappropriate, then 

the. use of simulation is probably more justifiable. The appropriateness 

of the simulation methodology as employed in this thesis, is difficult to 

assess. Ex post, the author "feels" it was not a cost-beneficial deci1ion. 

The inordinate investment in time required to develop and then test the 

simulation could probably have been better spent developing an econo

metric model incorporating the postulated linear decision rules. Insights 

were gained of the process by generating a computer simulation model, 

but any additi.onal research into empirical models of decision making 

processes would probably yield greater payoffs by use of regression 

analysis. 

In summary, the procedures of protocols, the regression tests 

for bias, and the alternative models, as qualified, support the conclusion 

that the linear decision rules as incorporated in the simulation are valid 

abstractions of the real world process, although other important variables 

(e. g., group effects, endplay, etc.) have been omitted and thus, the 

predictive ability of the models are limited. 
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Appendix 6A 

Protocols 

Figure 6A-l is a reproduction of an actu~ memo written by a member 

of top management of LBL to the Physic·s Division. Based on ·the calcula-

tions performed in the memo, the following directives were issued to the 

Physics Division: " •.• either the direct effort (e.g., scientific payroll) 

on the programs must be reduced quickly or procurements and stores 

withdrawals must be sharply restricted or a combination of both actions." 

Thus, top management of the laboratory is in effect attempting to alter 

the rates of spending in the Physics Division. 

The memo in Figure 6A-l and others like it provide us with an in-

expensive form of protocols. It will be demonstrated algebraical*y that 
. 12Ct -l 

the calculation in the memo is equivalent to equation 5~1, ~ = -r--- R. 

Colume ( 6 ) of the memo can be expressed .·algebraically as, 

M R- <\ 
~ = 12-t - et. ( 6A-l) 

A t = L e .. In order 
i=l ~ 

Where, et is the actual expenditure in month t or Ct 

to demonstrate that 6A-l and 5-l are equivalent (or that the calculation 

in the memo is equivalent to the simulation's calculation, we will show 

that: 

if 

for 1 < t < 12 

1" Ct: actual cumulative spending through mouth t. 
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Figure 6A~l 

Memo: FY 1973 PHYSICS OPERATING COSTS 

To: PHYSICS DIVISION 

The costs of the High Energy and Medium Energy Physics Pro
grams for the period July 1972 throughJanuary 1973 hav:e been very 
high compared to their financial plan amounts. The costs for the Lep 
and M& C programs are consistent with their respective financial plan 
amounts. The table presents the costs for this period, January costs 
and average monthly balance remaining for five (5) month period Feb
ruary--June 1973 (inK$). 

(1) ( 2) (3) ( 4) ( 5) { 6) 

Aver. 
Financial Costs Bal. Monthly 6. 

Pl~:n Jan-Jul Avail Bal. avail Jan. Rate (col 4-5) 

HEP 15,280 9,289 5,991 1,198 1,419 -221 

MEP 1,650 1,059 591 118 173 -55 

LEP 270 163 107 21 + 21 0 

M&:C 145 83 62 12+ 16 -3 

Total 17,345 10,594 6, 7 51 1,350 1,626 -279 

The high general overhead rate in January due to the unantic
ipated Holiday in January was high and accounts for about one-half of 
the costs difference shown in column (6) above. It is quite evident that 
the HEP and MEP programs cannot proceed at the January effort and 
expense rate without incurring a sizeable overrun. In order to preclude 
such an event, either the direct effort on the programs must be reduced 
quickly or procurements and stores withdrawals must be sharply re
stricted or a combination of both actions. 

You have indicated that you want to reduce effort this year and 
buy items in preparation for next year. The latter will be difficult to 
do in view of the costs to date and the "fixed" procurements coming 
in each month such as power for the accelerators and maintenance and 
1 ease charges for the computer center. The amount of effort planned 
to be diverted to construction and equipment projects should be defined. 
Also a budget, indicating costs per attached sheet, should be completed 
and reviewed with the budget office in order that agreement on the plan 
may be reached. 
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(Fig .6A-1 continued) 

I would like to know by not later than February 20th of the 
corrective actions and their date of implementation you plan in order 
to reduce costs for the physics programs. In the meantime no large 
procurement orders are to be placed, and stores withdrawals should 
be minimal. 

The indirect cost rate will be higher than the 39% estimated 
at the beginning of the year. The rate for the year will probably be 
in the range of 40.0 - 40.5%. This will be sharpened up in the next 
week or two. Several of the indirect areas are going over the plan and 
we are pu~hing down on them. Also, the distribution base is contrac
ting. 
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M 
Notice first, that b. and b. are in different units: b. being 

M 
projected total dollars, whereas, b. is in terms of average monthly 

M 
dollars. In order to place b. and b. in equivalent units, redefine b. as 

b.= [R 
12 c t . 1 
-t-J 

12-t 

M 
Also, the interpret~tion of a minus b. and 6 are conflicting, therefore, 

12 ct 
reverse .R and t 

Memo Calculation 

A 

R - C 
t 

12-t 

D.M. = 
R-C -e -e(12-t) 

t -1 t t 

6. M = --0"'-R;:,___ 
12-t 

clearly 

Or, 

12-t 

et(13-t) + ct-1 

+ (t-12) 

if 

Simulation Calculation 

~ 

12 ct 1 
b. = [ R -

12-t t 

tR - 12 
t 

b. = t (12-t) 

~ - 12C t 
6 

R 
= 12 -t + t(t - 12) 

~ 

Ct+et(13-t) 12 c 
< t 

( t - 1 2) {:>} t (t-12) 

(t-12) ct-1 + (13 t-t
2

-12)et {~} 0 

-(t-1)(t-12}e {'£}-(t-12)c. 
t > t -1 

(6A-2) 
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Thus, the two methods are equivalent (~ = ~M) if the amount spent 

in the month ~ is calculated ~quals the average spent per month through 
c 

the next to last month (et = t:~1 ). The two methods diverge if condition 

6A-2 is not a strict equality. 
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Appendix 6B: Selected Results from Alternative Mod1es 

Figure 6B-1 

Undeflated Data 

Durbin Watson Statistics 

Group 6.1 6.2 6.3 6.4 6.5 6.6 

1 1.97 1.96 2.02 1.77 2.15 2.03 

2 1.28· 1.32 1.46 l. 53 1.15 1.4 

3 1.42 1.39 1.31 1.17 2.15 1.4 

4 1.93 1.71 1.94 1.43 2.33 1.73 

5 l.o6 1.08 1.11 0.89 1.70 1.14 

6 2.20 2.11 2.03 1.62 2.40 1.90 

7 1.47 1.45 1.28 1.12 1.93 1.57 

8 1.38 1.39 1.31 1.08 2.14 1.17 

9 2.10 2.09 2.13 2.05 2.04 2.4 

10 1.47 1.58 1".19 1.33 2.38 1.2 

11 1.83 1.84 1.87 1.44 2·.00 1.5 

12 2.25 2.19 2.17 2.05 2.06 2.2 

13 2.21 2.22 2.15 2.11 2.05 1.97 

14 1.41 1.41 1.47 1.26 1.90 1.39 

15 1.71 2.14 2.00 2.01 2.68 1. 58 

16 1.23 1.21 0.87 1.09 2.21 1.74 

17 0.84 0.88 0.19 0.78 1.40 .94 

18 1. 55 1.56 1. 51 1.43 1.81 1.44 

19 1.67 1.68 1.67 1.52 1.92 1.50 

No. with 1 8 1 1 2 5 
autocorre-
lation 
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Figure 6B-2 

Model 6-5 

ct = bo + bl ct-1 + ut t = 2' ... ,60 

Undeflated Data 

Group bo bl tb R2 Durbin-Watson 
1 

1 101,360 .56 5.09 .31 2.15 

2 9,400 .06 .18 .000 1.15 

3 13,600 .76 8.80 .58 2.15 

4 5,900 .89 15.42 .81 2.33 

5 8,450 .68 6.00 .43 l. 70 

6 11,980 .84 11.66 • 70 2.40 

7 24,320 .53 4.65 .28 1.93 

8 13,800 .64 5.68 .40 2.14 

9 20,700 .62 5.89 .38 2.04 

10 7,200 . .83 11.41 .69 2.38 

11 22,170 .30 2.35 .09 2.00 

12 38,700 • 24 1.82 .06 2.06 

13 55,390 .10 -75 .01 2.05 

14 38,200 . 55 4.81 .30 1.90 

15 8,600 .78 10.34 .66 2.68 

16 5,300 .47 3.98 .22 2.21 

17 23,860 .83 12.11 .72 1.40 

18 269,250 .40 3.23 .15 1.81 

19 '52,000 .31 2.50 .09 1.92 



-163-

Figure 6B-3 

Model 6-6 

cty = b0 + b1 d1 + b2d2 + b3d3 + \ wty + b5RY + uty 

(Undeflated Data) 

t-Statistics Standard 2 Group bl b2 b3 b4 b5 D-W Error R 

1 4.3 2.8 .2 1.4 8.6 1.99 17422 .69 

2 .3 - .2 3.2 - .2 2.3 1.33 5889 .24 

3 1.3 -1.1 .8 .9 9.9 1.40 8642 .67 

4 8.0 - .4 1.8 2.5 22.7 1.92 9382 .92 

5 3.1 -1.4 4.1 .3 3.7 1.12 6754 .46 

6 2.4 -1.6 3.2 2.8 22.1 1.94 6325 .91 

7 3.9 .1 1.3 1.6 4.4 1.56 11342 .43 

8 .8 .1 .2 1.1 6.9 1.22 11336 .49 

9 5.3 -2.0 2.5 1.4 9·4 2.38 5874 .72 

10 3.3 - .2 1.0 3~1 15.0 1.04 7481 .83 

11 -1.4 -1.8 -1.5 1.6 3.7 1.54 3813 .36 

12 3.9 -1.4 1.7 - .5 1.7 2.25 14810 .35 

13 .2 - . 5 - .1 .6 3.3 2.25 20693 .18 

14 1.3 -1.6 .6 .8 5.2 1.39 14234 .41 

15 .1 .9 -2.8 1.0 11.2 1. 55 16908 .72 

16 - .4 - .7 .7 1.4 1.6 1.15 4090 .13 

17 3.0 -·. 7 2.3 . 5 10.6 .94 51505 .70 

18 - .2 -1.4 .3 1.7 3.9 1.47 48195 .31 

19 .2 -1.9 3.8 - .8 2.8 1. 53 14231 .34 
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Figure 6B-4 

t-Statistics for Model 6-2 

c = (b0 + b1t + b2t 2 ) RY + uty ty .. 
Defalted Data 

t-statistics 
Group tb tb tb 

0 1 2 

1 9.74 -3.66 3.07 

2 1.48 1.21 2.20 

3 10.21 - .61 .22 

4 19.47 -5.44 5.01 

5 3.97 -5.40 5.60 

6 2.0 - .37 4.26 

7 5.64 -1.99 3.03 

8 7.27 - .75 - .19 

9 8.03 -2.94 5.27 

10 16.52 -3.95 1.82 

11 5.95 - .75 -2.02 

12 .84 -2.98 4.93 

13 2.98 - .03 .30 

14 7.51 -1.32 2.02 

15 17.98 -6.21 -5.96 

16 1.30 1. 72 1. 53 

17 . 7.41 -2.17 3.62 

18 2.61 1.29 1.32 

19 3.57 1.27 2.58 

Negative t-statistic indicates a negative coefficient. 

' 
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Figure 6B-5 

Model 6.2 

cty = (b0 + b1t + b2t
2

) RY + uty 

.. (Deflated Data) 

• Group tb tb tb 
0 1 2 

1 9.74 -3.66 3.07 

2 1.48 1.21 2.20 

3 10.21 - .61 .22 

4 19.47 -5.44 5.01 

5 3.97 -5.40 5.60 

6 2.0 - .37 4.26 

7 5.64 -.1.992 3.03 

8 7.27 - .75 - .19 

9 8.03 -2.94 5.27 

10 16.52 -3.95 ·1.82 

11 5.95 - .75 -2.02 

12 .84 -2.98 4.93 

13 2.98 - .03 .30 

14 7.51 -1.32 2.02 

15 17.98 -6.21 -5.96 

16 1.30 1.72 1.53 

17 7.41 -2.17 3.62 

18 2.61 1.29 1.32 

19 3.57 1.27 2.58 
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Figure 6B-6 

Alternative Models - Deflated Data 
R2 

• 
Group Model Model Model 

• 6-1 6-2 6-4 

1 0.69 0.70 0.83 

2 0.11 0.16 0.26 

3 0.67 0.67 0.74 

4 0.93 0.92 0.94 

5 0.50 0.52 0.55 

6 0.91 0.91 0.94 

7 0.51 0.50 0.62 

8 0.51 0.52 0.59 

9 0.68 0.68 0.79 

10 0.84 0.87 0.90 

11 0.04 0.41 0.61 

12 0.38 0.39 0.54 

13 0.15 0.16 0.33 

14 . 0.56 0.57 0.69 

15 0.77 0.87 0.90 

16 0.12 0.13 ·. 0.18 

17 0.71 0.70 0.71 

18 0.16 0.17 0.30 

19 0.29 0.31 0.46 

MEANS • 52 .53 .6s 
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CHAPTER 7~ 
Summary and Implications 

• 
The general T-period model (eqs. 2.5 and 3.9) and the computer 

simulation model (Chapter 5) "appear" to be radically different. The 

difference is attributable to the existence of uncertainty and how the 

scientist adjusts his decision behavior to the uncertainty. Basic science 

seeks to discover the unknown, but how is this long-run goal implemented? 

In the short-run the scientist does "normal science." Since unknown 

discoveries cannot be anticipated, the cur rent experimentation replicates 

and extends the precision and scope of current theories, and in this way 

the research potential of the scientific group can be maintained and 

extended. The short-run solution to searching for the unknown is to 

manage the research group's skills portfolio as to "best" exploit future 

6 
anomalies when they occur. In the long-run the results produced by 

the research are uncertain. In the short-run the results from the 

' 
current experiment can usually be anticipated with relatively little un-

certainty, but existing institutional factors and the accounting system 

combine to produce budget uncertainty. There is a shift in the relative 

degree of uncertainty from the long-run uncertainty surrounding the 

state of knowledge to the short-run uncertainty regarding the exact 

level of the budget. Thus, the long-run goal of seeking discovery is 

ope rationalized in the short-run by managing the group's research 

portfolio and by maintaining the integrity of a stochastic budget constraint. 

The scientist could solve the short-run budget control problem by 

calculating the optimum allocation of the budget. But given the lack of 
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"model resolution" (e. g., there exists alternative allocations with 

expected payoffs nearly equal to the expected payoff of the optimum 

allocation) and also, given the non-zero costs of deci~ion making, then 

it might not be cost-effective to calculate the optimum allocation. In 

fact given the lack of model resolution, the optimum decision strategy 

is to choose the decision rule which minimizes the costs of decision 

making while still producing an allocation within an acceptable region. 

The solution to this constrained minimization problem takes the form 

of heuristic,· linear decision rules which are easy to use and require 

small amounts of data, thus reducing the quantity of calculation and cost 

of processing. 

If we now compare the normative model to the descriptive model 

the following conclusions emerge. y 

( 1) The use of simple, linear decision rules by actual decision 

makers at first appear naive and sub-optimal, but when further analyzed 

in terms of a 11 complete 11 normative model which includes the decision 

costs, uncertainties, and complexities of the entire problem, then the 

linear rules are optimal under certain conditions. 

( 2) 1 As others have suggested, the use of decision-theoretic 

concepts can aid actual decision n1akers in those choice situations where 

the dimensionality of the problem can be restricted. In addition these 

constructs can aid systems designers in arriving at well-structured (or 

at least, better structured) views of reality. But the T-period model 

1 
Swalm (1966), Raiffa (1968), and Moskowitz (1973). 

·' • 
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developed in this thesis is not an operational tool to aid most scientists 

doing basic research. 

(3) The accounting system provides information to determine 

zt-i (the amount of resources remaining) which is crucial, if the impact 

of future projects are to be considered in the cur rent decision. But the 

accounting system enters the decision problem in two other subtle ways. 

Since it is the accounting system which measures the quantity of resources 

consumed ct(at), then for each alternative research project the scientist 

must be able to replicate how the accounting system will perform the 

measurement of future transactions. The more complicated the account

ing system, the costlier (in sheer processing time) it becomes for the 

scientist to plan future experiments and choose between current experi

ments. The accounting system affects the individual scientist's decision 

costs. If these costs are increased, the accounting system may be 

indirectly "forcing" the scientist to choose simpler decision rules (e. g., 

smaller processing costs), than if the accounting ;;~.lgorithm was less 

complicated. The second way the accounting system may affect the 

decision behavior is by inc rea sing the uncertainty sur rounding the budget 

(discussed in Section 4. 3). Increased budget uncertainty causes the 

scientist to alter the monthly allocation of the budget (especially in the 

last months of the fiscal year) from the allocation produced under 

certainty. This reduces expected utility. Therefore, the accounting 

system not only directly enters the decision process by informing the 

scientist of zt·d, but also affects the decision behavior by impacting on 

budget uncertainty and on the costs of decision making. 
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The implications of these conclusions for designers of accounting 

systems include the following prescriptions. 

(1) Eliminate as many allocation algorithms as possible. 

For example, the procedure used at LBL to calculate payroll expense 

is very cumbersome and involves numerous aggregations and allocations 

(see Appendix SA). A less complicated procedure would be to simply 

pro-rate the individual's earnings (plus fringe benefits) over the research 

projects according to the amount of time the individual spent on each 

project. 

(2) Internal accounting parameters should not be manipulated. 

For example, the overhead rate adjustment mechanism should be replaced 

by a beginning-of-the-year reduction in all groups' budgets by an amount 

equal to LBL' s total expected overhead for the year. 

(3) Communicate details of the accounting system to the decision 

makers. A manual detailing of the accounting system's algorithms with 

examples should be distributed and revised as necessary. 

( 4) Automated costing (planning) systems should be constructed. 

Computer programs which replicate the accounting algorithms can be 

constructed which transform the scientist's inputs on future experiments 

(e. g., equipment and personnel needed, computer resources, etc.) into 

projected monthly expenditures. 

The second suggestion is designed to reduce budget uncertainty 

produced by the accounting system. But in addition, by eliminating these 

internal parameter manipulations, the accounting system is simplified 

with the attendant result (which is the same as in (1)), the cost of decision 

• 



• 

• 
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making to the scientist is reduced. (3) is also intended to reduce 

decision costs by educating the scientist (or at least providing low-cost 

access) to the algorithms of the accounting system. If the first three 

of these rec,ommendations are adopted, then it is expected that budget 

uncertainty will be reduced since a simpler, better understood accounting 

system should allow the scientist to make fewer errors in costing future 

actions. If the first three suggestions are not adopted, the fourth can 

still be used to reduce the costs of decision and reduce the uncertainty 

of errors in planning. The accounting system should be simplified in 

order to reduce the scientist's cognitive costs of processing data. Some 

of these processing functions can be transferred to a computer program 

which replicates the accounting algorithms, thus eliminating the need 

(and costs) of the scientist to be aware of the exact form of the algorithms. 

All of these suggestions and the purpose of this thesis are intended 

to refocu~ the designer of accounting systems in research laboratories 

(and other non-profit organizations) from an external focus ("legalistic 

dollar accountability for individual fund entities on a year-by-year basis"2 ) 

to the needs and decision processes of the internal decision maker. 

2 American Accounting Association (1971), p. 86. 
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