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INFORMATION: ITS MEASUREMENT AND VALUATION

Introduction

The current "information revolution," exemplified by the increased
use of computers and robots in our society, gives a clear indication of‘
the important role that information plays in any social organization.

In the past few decades, much progress has been made refining the
conceptual tools that can be used in the investigation of
fnformation-re]ated issues. However, the analysis of the role of
information remains a complex endeavor. For example, it may even be
difficu]t to develop a consensus among scientists on the proper
definition of information. For the purpose of .this paper, the following
taxonomy will be adopted. Data are deffned to be the result of an
inquiry process (e.g., sampling or éxperimentation) toncerning
particular events (e.g., today's hog pfice in Omaha, éorn yield response
to fertilizer in lowa). By using codes (e.g., written or spoken
language), the data can be transmitted as signals over space or time
through particular communication devices (e.g., radio, telephone,
newspapers). These signals generate messages that can be interpreted

and used in decision making. For the statistician, the decision may be

either to accept or reject a particular hypothesis. Alternatively, for

the economist, the decision could be to select aﬁd implement a
particular production, consumption or investment action.” In either
case, information will be defined here as the screening, editing and
evaluation of data in the context of a partfcu1ar decision-making
process (Caspari).

Any of the functions involving information (data coding, processing

and transmission of signals, decision) could be done by men or by
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machines. The allocation of the tasks between men and machines depends
on their relative abi]ities.l For example, humans are very poor trans-
mission channels: Compared to computefs, they read or write at a very
slow speed and they forget a lot. However, the human language is a very
efficient and economical code and the cdmputer is certainly much less
complex than the human brain. In general, machines (computers, robots)
often appear to have an advantage over humans when performing simple and
repetitive tasks. This, coupled with the development of better and
cheaper computers seem to be the source of the current "information
revolution" which promises to alter significantly business decision
making. In this context, it seems important for economists td sharpen
the conceptuai tools that can be used in the analysis of the role and
value of information in management or policy decisions.

The objective of this paper is to,brief]y'discuss the measurement -
and economic valuation of information. Alternative information concepts
found in the literature are reviewed. It is argued that thé valuation
of information is best analyzed in the context of decision making under’
uncertainty. A simple model is developed to illustrate how better
information tends to improve the decision-making process. Imp]ications.

of the model for the valuation of information are-presented.

II. The Concepts of Information

As different scientists may have different definitions of informa-
tion, one can find in the literature at least four different concepts
and measures of information:2

a. The expected information of a probability distribution can be

defined as a scalar-valued functional of the probabilities. This is the
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case of the entropy measure H, defined as minus the expectation of the
Togarithm of the probabilities.
A .
H = ;El P; &N Py

where Py js the probability of the ith event (Shannon and Weaver,‘
Theil). The entropy H is a measure of "disorder" in the sense that a
larger value of H is associated with more uncertainty. In other words,
a gain in information can be measured by a decrease in entropy.3 This
-measurement of information has generated considerable enthusiasm in
marketing, communications, psychology and other disciplines because of

jts simplicity. For example, in the context of a multivariate normal

distribution with covariance matrix V, then the entropy measure becomes
H=D(1+ s 2r) + 3 an det(V)

vhich ihplies that the amount of infofmation decreases linearly with the
logarithm of the déterminant of the covariance matrix V. In that
context, an experiment that seeks to maximize‘in%ormation~also seeks to
~minimize det(V). This corresponds to D-opiima]ity in the Titerature on

~optimal experimental design (Keifer).

Unfortunately, there is in general no relation between the entropy

‘measure for fnformation and the value of information in a particular’
decision-making process.4 Nor does there seem to be a relation between
the amount of information and the cost of producing it (Marschak). For
these reasons, entropy as a measure of information has had 1ittle use in
economics.

b. Information‘provided by a sahple can also be measured’by the
information matrix M, defined és the ﬁegative of the hessian of the

log-1ikelihood function with respect to the unknown'parameters (Fisher).
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If the parameters are estimated by a best linear unbiased estimator,
then M"1 is proportional to the covariance matrix of the estimator.
This suggests that the amount of information is closely related to the
reliability of tﬁe parameter estimates. For statisticians, the informa;f
tion matrix M plays a crucial role in statistical inference. It js also
central in the theory of optimal experimental design. For example,
common optimality criteria for optimal designs include the minimization
of det(M"l) (D-optimality), of tr[CM—IJ where C is a given non-negative

definite symmetric matrix (L-optimality), or of the maximum eigen value

of M1 (E-optimality) (Kiefer). We will see below that the L optimality

criterion can provide an attractive approximate measure of the value of
information, given an appropriate choice of the C matrix.

c. Information can also be defined as a message which alters
tastes or percepfions which are certain (e.g., Auld). This approach has
been frequently used in empirical work and in some theorética] analyses
(e.g., Hayami and Peterson, Bradford and Kelejian). For example, as a
result of a particular message, riskless demand curves may éhift. By"
analogy with the consumer surplus measure, the area between the two
curves (before and after the message is received) and above price might
then be used to value fnformafion. Howevér,>thefé\are several weak—l
nesses in this approach. First, it fails to recognize explicitly the
role of uncertainty énd information in the decision-making process.
Secondly, it cannot explain information-gathering activities since, in a
riskless world, there is no incentive to learn. Thirdly, it provides an
ex-post evaluation of information in the absence of uncertainty. In

that sense, it does not measure the ex-ante willingness to pay for
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information which appears to be the relevant measure in the valuation of
information-gathering activities. |

d. Finally, information can be defined as & message which alters

probabilistic perceptions of random events (e.g., Marschak). This is

the approach used in statistical dec151on theory (Raiffa and Sch]aw.fer,
Lavalle). It seems to have the greatest appea1 as a genera] approach,
with wide potential for applications (e.g., Baquet et al.). It is the
topic of the next sectidn, where a formal model of information eval-

~uation is developed to illustrate some of its characteristics.

I111. A Model of Information

Consider an economic unit (e.g., a firm or a consumer) with a
two-period planning horizon: t = 1,2. Denoting its preferences by the
Von Neumann-Morgenstern utility function U(.), the objective function of

the economic unit is given by

l)‘gaxx E) U(ys xg» %55 )5 &) . | (1)
1°72 '
‘where E, is the expectation operator based on the information available

at time t, X¢ denotes the decision vector at time t y is initial
wea]th, and ey is a random variable with a g1ven subjective probability
distribution reflecting uncertainty (e.g., price -uncertainty) in the
decision-making process at time t. | |

If 311 decisions are made at time t = 1, then (1) corresponds to an
open-loop solution where the vectors Xy and X, are chosen at tﬁe begin-
ning of the planning horizon, based on the information available at that
time.

However, if learning takes place over time, then the decision maker

will have more information at time t =2 thah at time t = 1. Given this




6
temporal nature of uncertainty, the decisions can be analyzed through
dynamic programming. Using backward induction and starting at the end
of the planning horizon, the objective function at time t = 2 is

V(Xl’ Y el) = Mix EZU[Xl’ Xos ¥> €95 ez]. (2a) -
_ 2

Expression (2a) indicates that the second period decisions are made
conditional on previous decisions X If Xq does not influence the
probability distribution of €55 it corresponds to a passive learning
situation. Alternatively, if X1 does influence the probability dis-
tribution of e, by generating a message correlated with €55 then it
corresponds to an active (Bayesian) Tlearning situation where the deci-

sion maker uses its own resources to reduce future uncertainty. .

Moving back in time, the objective function at time t = 1 is

Max E V(xl, Y, el). (2b)

X1
The dynamic formulation (2) allows for the temporal nature of uncer-
tainty to influence the decision-making procesé. It corresponds to a
feedback solution where learning is explicitly taken into consideration.
As such, it will provide the basis for our discussion of information
valuation.

The valuation of ihformation're]ates directTy to the comparative
performance of decision-making processes given different levels of
information. For example, in the context of model (2b), it can be shown
Fhat |

E) Max V (Xl’ Y, el) > Max E; V (xl’ y» e;). (3a)
X X
1 , 1 |
This implies that, on the average, better information tends to improve

the decision-making process and make the decision maker better off. It

also implies that the value of costless information is non-negative.
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Indeed, from (3a), the bid price5 for obtaining costless information
about e, before the decision Xq is made can be defined as thevva1ue B1
which satisfies (Lavalle)

E; Max V (Xl’ y-By, el) = Max E; V (Xl’ y,,el). (3b)

X5 : Xq :

The bid price B1 is the maximum amount of money the decision maker is
willing to pay in order to be able to make first—périod decisions X4
knowing 91.6 As long as the marginal utility of income is positiVe
(aV/3y > 0), it follows from (3) that B1 > 0, i.e., that more costless
information can never make the decision maker worse off and can make him
better off. A useful illustration of this result can be obtained
considering a small increment in information: by taking a Taylor series
expansion on both sides of (3b), then, in the neighborhood of perfect
information about e the value of information for one unit.change in

the variance of e, can be written as (Hess) R .
. :
1] WA AZVK 32] v '
By = - 3| 22 o (4)
de;dxy 19X axlailJ 3y K

Given 3V/3y > 0 and 32V being a negative semi-definite matrix under the

) X
maximization hypothesi;, it follows that the value of a small increment

of information in (4) is non-negative as expectea. This sﬁggests that,

in general, the value of information about e, can be approximated by the
1

formu1a7

/_e_\i } Var (e;) (5)
ay

which corresponds to the L—optima]ity'criterion in optimal experimental
2 1.2,-1 2
design, with C = 1 20 53—%2 2 ¥ / v,

This measure repre-
1 "iaxl;’ axjoe; 3y
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sents the expected loss associated with suboptimal decisions due to

imperfect information about e» using a quadratic approximation.
Expression (5) is a potentially important result since it provides a
formal link betwéen the valuation of information and the analysis of
learning activities in empirical research.

Unfortunately, expression (5) gives only a local approximation. In
general, this measure will not be globally valid. For example, while
_(4) or (5) indicates that, locally, more uncertainty (a higher variance
of el) implies that perfect information is more valuable, Gould and Hess
have shown that such a relationship neéd not hold in general, i.e., that
it is possible that an increase in risk be associated with a decrease in
the value of information. This indicates that, a]though both risk and
information require the existence of uncertainty, they are basically
different economic concepts. While the value of information involves
the ex-ante eva]uétion of an ex-post Situation, the economics of risk
has been limited mostly to an ex-ante analysis (Arrow, Pratt). Further
research exploring the relationships between'risk, information and the
temporal nature of uncertainty may be promising (e.g., Nachman, Epstein,
Jones and Ostroy). For example, it would be helpful to investigate
whether a decision maker is less risk averse to a given future risk if
he has the opportunity to learn over time and modify his plans as he
gets more fnformation.

Arguments similar to (3) can be_app]ied to the second period
decision, thus showing that the economic unit is willing to pay a
non-negative sum of money for obtaining costless information about e,
before the Xo decision is made. Thus, the decision maker has incentives

to learn about future uncertainty. In the context of active learning,
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these incentives can be translated into the use of its own rescurces x1

(at time t = 1) to learn about e, and reduce future uncertainty.

Similarly, it can be shown that
E1 Max EZU(XI’ Xos ¥s €15 ez) > Max EIU(Xl’ Xos ¥s €95 e2) (6) -
X X
2 2
This implies that the bid price for obtaining costless information about
e, before the Xy decision is made is non-negative, i.e., that the
economic unit can benefit from the temporal resolution of uncertainty.

Also, it follows from (6) that

\ \ A .
Max E; Max U(Xl’ Xos ¥ €75 e2) > Max Max ElU(xl, Xo> ¥ €15 ez) (7)
X X X, X

1 2 1 72
Expression (7) implies that the open-loop solution (1) can never be
better than the feedback solution (2). In other words, being able to
revise future plans as new information becomes available tends to make
the decision maker better off. This suggests that the open-loop models
commonly used by agricultural economists may not be appropriate too]é of
analysis whenever new information has a significant influence on

economic decisions.

IV. Some Implications

What are the implications of the discﬁssion of the previous
sections? It suggests that information can be considered as an interme-
diate good: It is the output of an inquiry process which can be either
external to the economic unit in the case of passive learning, or
internal in the case of active learning. It is also the input into the
decision-making process in the sense that it modifies the probability
distribution of random parameters of importance in economic decisions.
Thus, the supply of information will depend on the cost and characteris-

tics of the inquiry process. Similarly, the demand and value for
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information will depénd on how economic decisions can be improved with
better information. Under.competition, vie can expect the supply to
equal the demand for information, optimal information corresponding to
the point where the marginal private cost of information equals its
marginal private benefits. In the case where information cannot be
appropriated or is indivisible, then corrective policies can be
developed to try to obtain the "socially optimal" information levels.
These arguments hardly seem new for economists.

Perhaps, what makes the economic analysis of information most
difficult is a measurement problem. Indeed, because of its subjective
nature, it is rather difficult to measure and value information
directly. Ve have argued in the previous section that expression (5)
may provide a convenient (approximate) measure of the value of informa-
tion. Here, we briefly explore some other approaches to the measure of
information value, building on the vaTuation of non-market goods.

One possible approach would be to make use of measurements in
related markets. A well-known example of this approach'is the travel
cost method used in the valuation of outdoor recreation (Clawson). To
illustrate, consider the case of active 1¢arning where the decision
variables xq are informational inputs (e.g., managerial time, consulting
sér?ices, specialized publications, etc.) designed to reduce futuré

uncertainty. Under competition, the vector X3 is purchased at market

price ry- Then equation (2b) becomes

]
Max EIV(y - TiXgs Xps el)
X
1
which consists in choosing how much to learn about e, given the cost of

the information-gathering activities x If one of the informational

1.
inputs, xi, is a necessary input (e.g., managerial time) in the learning
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process in the sense that learning can take place only if x; > 0, then
the net value of the information (B) actively gathered by the economic

unit is given by the relationship

] ]
l - - 0 = - 4 =
Max Elv\y rix; - By xgs Vl) Max [Elv(y riX1s Xs e)lx1 0]
X X
1 1
By differentiating this expression and using the envelope theorem,

it follows that

1 97
"

where ii is the compensated demand function for the necessary input xi,

B = /x2 drS (8)

and Fi denotes the current market price of xi. Therefore, the area
under a compensated informational input demand function and above price
can provide an exact measure of information value. As in the consumer °
surplus literature, one can raise the issue of whether compensated and
uncompensated functions have similar pfice slopes, i.e., whethef B can
be measured approximately -from (8) by replacing ;i by the observabie
(uncompensated) demand for xi (See Pope et al.). In any case, from (8),
the demand for necessary informational inputs can provide an appropriate
measure for information valuation. As such, it may be of considerable
interest in the empirical evaluation of active 1garning by economic
units. |

A possible alternative approach is the contingent valuation method,
which typically relies on bidding games (Randall et al., Brookshire and
Crocker). For example, the respondents could be asked questions in an
attempt to determine- their willingness to pay for a particular message
or a particular experiment. This appfoach would be subject to the
concerns that our economic models may not be able to explain accurately

economic behavior under uncertainty (Kahneman and Tversky, Heiner), and




that contingent valuation may be biased (Bishbp and Heberlein). How-
ever, too 1ittle work has been done on thiS subject to properly evaluate
the merits of the contingent'valuation approach in the analysis of.
information value. Further research comparing the fe]ative merits of

the alternative approaches just discussed seems greatly needed.

Conclusion
There seems to be no question that information is valuable and can

play a crucial role in the decisions of all economic agents. For

example, the market efficiency hypothesis relies on the way information

is processed in a particular market. It seems fair to say that,
although some progress has been made in the economics of information
over the last few decades, much remains to be done.

We'have reviewed what we feel is the proper conceptual way to value
information (e.g., 3b). Yet, a numbe; of . issues have $urfacedehich
generally require further empirical microeconomic work to resolve:

(a) Under what circumstances is a scalar measure of information

such as entropy useful in information valuation?

(b) How do gconomic agents process information? Are Bayesian
revisions descriptive of behavior? How ﬁreva]ent is active
learning and how serious are mode1ing errors when open loop
(as opposed to closed loop) paradigms are employed?

How descriptive is the approximation to information valuation
given in (4) and (5) fbr both small and large projects?

How do valuation results obfained from direct elicitation
compare with estimates deriQed using indirect methods and

market data?
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Since there is so much inherent uncertainty in the agricultural sector,

we have an excellent setting to gain deeper insights regarding these

questions and their answers.
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Footnotes

1Note that similar arguments can be made concerning the allocation
of tasks among humans, i.e., the problem of organization in terms of who
does what within a particular institution (e.g., a corporation); In
‘this context, the concept of human capital is closely related to the
ability of processing information: Persons with better human capital
(because of a higher level of education or more experience) may better
process information in decision making and, for that reason, be better
managers.

2An additional possible measure of information involves the use of

a sufficient statistic in the comparison of information sets

(Blackwell). Generally, this is associated with approach d. below.
3

In the analysis of noisy messages providing imperfect information,

the entropy concept can be used as foT1ows. Denote by P; the prior
probabilities that are modified into the posterior probabilities pilj

given a message j. If qj js the unconditional probability of the jth

message, then a measure of the expected information of the messages is

given by the rate of transmission (Shannon and Weaver, Arrow).

R §Qj ? pilj an (pilj/pi)

L) - . H c s
H (p;) §q3 (pm)
One exception is the case of a competitive pure exchange economy

4
with a logarithmic utility function. In this context, Arrow has shown
" that the value of information (defined as the difference in the util-
ities achievable with and without the “information) is equal to the

entropy measure H under perfect information, or to the rate of trans-

mission R under noisy messages (see footnote 3). However, since this
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measure is expressed in terms of utils, this case would appear attrac-
tive in economic analysis only if utilities are additive and

commensurable with dollars.

5The reservation price or selling price of information could be

defined in a similar way (see Lavalle).

6Note that similar results hold as well for partial information

(see Lavalle).
7

If ey is a vector, then the value of information B1 would be given

by the trace of the matrix on the right hand side of (5).
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