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1 Introduction

Decision making is an almost continuous activity in the everyday business
of living our lives. Uncertainty is inherent in the decision making process.
In decision making under uncertainity, a decision maker does not know pre-
cisely the outcome of actions chosen because of the occurrence of events that
are not under his control, events that must be viewed as a random variable.
Although the specific realization of the random variable is generally known
prior to the choice of action, in decision theory the decision maker identifies
several possibilities and classifies them into a set of mutually exclusive state

descriptions.

Knowledge is required to control or to take an action, therfore decision mak-
ing presents a need for information. Decision makers (DMs) who face un-
certain prospects have to gather information. The intuitive reason behind
gathering information is straightforward: DMs can reduce uncertainty about
anticipated outcomes, in other words, they may improve current decisions

with a set of information to reach better outcomes.

In general, the lack of information is the nature of the problem. Chavas and
Pope (1984) define information as a message which alters probabilistic per-
ceptions of random events. For the measure of information, as a substitute
for certainty, probability enters into the process. Information is probabilis-
tic if it expresses a probablity distribution over some exhaustive collection
of events. Probability assessment of uncontrollable events quantifies the in-
formation gap between what is known and what needs to be known for an
optimal decision. In this sense, information has a value, leading to a reduc-
tion in the expected expense relative to the situation in which the information

is not available.

If there is value of information, there should be determinants of the value



of information. What makes information useful is the fitness for use of it.
Information quaility becomes a crucial factor for the effectiveness of decision
makers. There are numerous disciplines, including management, medicine,
cartography, linguistics, rhetorics, history, and athmospheric sciences which
have discussed the notion of information quality. The definition of informa-

tion quality in these disciplines depends on the use of information.

The relationship between information and knowledge has a distinctive role
for quality definitions. Information becomes knowledge when it is correctly
interpreted and connected with prior knowledge. High-quality information
makes it easier to transform information into knowledge, by helping to inter-
pret and evaluate information, by assisting the connection to prior knowledge,

and by facilitating the application of information to new contexts.

Lesca and Lesca (1995) analyzed information quality problems. They sum-
marized eight information quality problems: limited usefulness of informa-
tion, ambiguity, incompleteness, inconsistency, an inadequate presentation
format, unreliable, unaccessability. Strong et al. (1997) developed another
systematic approach to information quality problems. In their approach,
problems considered were mutliple sources, subjective production, produc-
tion errors, too much information, distributed systems, changing task needs,

security and privacy requirements, and lack of computing resources.

If we consider each topic seperately in this paper, value of information and
quality of information become broader topics to examine. In fact, being
precise, value and quality descriptions are limited for a specific model, a cost-
loss ratio situation used in weather forecasts. Therefor, an analytic model
by Katz and Murphy (1987) is used. Some theoretical results concerning the
nature of the relationship between the scientific quality and economic value
of imperfect forecasts were obtained by using this prototype decision making

model. The effort shown later in the paper is focused on examining the



conditions in which the economic value of information changes as its quality

increases.

2 Cost-Loss Ratio

Efforts to quantify the uncertainty in weather forecasts have quite a long his-
tory, and many studies and experiments involving objective and subjective
probability forecasting have been conducted in meteorology in the intervening
period. Interest in probability forecasting in fields other than meteorology
has increased considerably in recent years. For example, probability forecasts
are used in portfolio analysis by some large banks, formal recognition of un-
certainty in terms of probabilities is becoming more common in economic
forecasting, and probabilistic diagnosis is receiving increasing attention in

the medical field.(Murphy and Winkler, 1984)

Probabilities represent an important input in applications of decision analy-
sis, and the promising area called risk analysis depends heavily on probability
forecasts, especially for low-probability events such as an earthquake or a se-
rious accident at a nuclear power plant. Weather information in general and
weather forecasts in particular have important roles in decision making mod-
els, which describe how the forecast should be used by DMs and what will
be the value of the forecasts. A Cost-loss ratio situation is a decision making

process often used in the meteorological literature.

Thompson (1952) formulated the original cost-loss ratio situation. It is a
very simple normative model that describes the situations faced by many
forecast-sensitive decision makers. As a result, the model has been widely
used in both real and hypothetical decision making situations. This single
stage model involves a decision maker who must decide whether or not to
take protective action, with respect to some activity or operation, in the face

of uncertainty as to whether or not weather adverse to the activity will occur.



In the next section, the model will be presented extensively.

3 Model

The random variable © represents two possible states ©® = 1 and © = 0.
In the face of uncertainty about whether the adverse weather event S; will
occur, the decision maker must decide whether to take protective action. If
protective action is taken, then a cost C'is incurred. If protective action is
not taken but the event does occur, then a loss L is incurred (0 < C' < L for
protective action to be admissible). The decision maker adopts the criterion
of selecting the action (i.e. protect or do not protect) that minimizes the
expected expense (in general, equivalent to maximizing expected return or

profit).(Katz and Murphy, 1987)

An example will be helpful to simplify the model. The example chosen for
the cost-loss ratio model is the umbrella problem. Cost-loss ratio models are
common in atmospheric studies, therefore the most famous setup is taking
protection as an action for the state of weather conditions. The 2x2 contin-
gency table in Figure 1 shows the cost analysis for the possible actions for
two different states. If protection is taken, cost C occurs no matter what the
state is. On the other hand, if decision makers do not choose protection then

in case of adverse weather a loss L occurs.

States
S, S:
=1 =0
(Rain) (No rain)
a, (take umbrella) c c
Actions a: (do not take L 0
umbrella)

Figure 1: 2x2 Contingency table: Actions, States



The information about state (weather condition) is a single prior probability
of adverse weather condition (rain), based on historical observations, from
imperfect information (weather forecasts) specifiying a conditional probalility
of rain that varies from occasion to occasion, to perfect information specify-
ing (with probability one) that adverse weather will or will not occur on a

given occasion.

Climatological (or prior) information consists of a single probability of rain,
m = Pr© =1, that is available to the decision maker each day. Imperfect
information about © is assumed to consist of the random variable Z, indi-
cating a forecast of rain (Z = 1) or of no rain (Z = 0). Figure 2 shows the

possible types of information.

Prior information
(a single probability of adverse x = Pr[e=1], 0<e<1
weather)

Imperfect information Adverse weather !

Forcast of wheather condition, Z No adverse weather 0

Figure 2: Information types

The conditional (or posterior) probabilities of rain are denoted by
m=Pr©@=1Z=1]|,py=Pr[©=1|Z =0] (1)

It is assumed that the probabilities satisfy the ordering 0 < py <71 <p; < 1.

3.1 Value of information

The most comprehensive normative structure for information evaluation is
the theory of information economics. This theory is based on economic and
statistical decision theory and models the selection of optimal information
in a cost/benefit sense, by explicitly recognizing the decision maker’s beliefs

and preferences. A major concept in information economics is the value of



information. This value is equivalent to the value of the information pro-
vided by the system and is the precise analogue for the more casual term

"information usefulness".(Lawrence, 1999)

In decision theory the demand price of information is defined as the maxi-
mum non-stochastic cost, payable from initial wealth prior to the receipt of
any message, that makes DMs indifferent between purchasing the informa-
tion or not. For the cost-loss decision-making model, one way to measure
the economic value of forecast probability estimators is in terms of the re-
duction in expected expense incurred by the decision maker. This measure
involves a comparison of the expected expense using an estimator with that

if climatological information alone were available to the decision maker.

Information has a value sofar if it changes the decision maker’s action, lead-
ing to a reduction in expected expense relative to the situation in which the
information is not available. Both the value of perfect and imperfect infor-
mation can be measured if the decision maker has the information. Let E¢,
Er and Ep denote the expenses associated with climatological information,
imperfect information and perfect information, respectively. The economic

values of perfect Vp and imperfect information Vg, are given by
Vie=FEc—FEp,Vp=FEcs— Ep (2)

The value of imperfect information satisfies 0 < Vi < Vp. In the further
section, we show how Vp behaves as a function of quality in the cost-loss

ratio model.

From the contingency table, for the prior information alone, a comparison
of expected expenses (7L if action ay is taken and C' if action a; is taken)

implies that action to protect should be taken if 7 > C'/L.



In particular, the minimal expected expense is

Ec=nLiftr <C/L )
Eo=Cifr>C/L

A similar approach can be taken for the case of imperfect information. Taking
an umbrella is optimal if Pr[© =1|Z] > C/L. Clearly, if py > C/L or
if p1 < C/L the optimal policy is identical to that of prior information.
Therefore, the minimal expenses are the same. Only when py < C/L < p;
there will be a difference in optimal policies. In this case, an umbrella should

only be taken when rain is forecasted (Z = 1) and
Ep = (1 =p:)poL + p.C (4)

where p, is defined as
p- = (7 —po)/(p1 — po) (5)

Taking the difference in the expected expenses (4-3)
Ve=(1—-p,)(C—polL)ifpy<C/L<m
Ve =(m—po)L—pz(C —pl) it m <C/L<py

3.2 Quality of information

The quality of a forecast has a broader scope to be examined under two main
approaches, measure oriented and distribution oriented approaches (Murphy,
1993). Traditionally, forecast quality consisted of the computation of mea-
sures of the overall correspondence between forecasts and observations. The
measure oriented approach tended to focus on one or two overall aspects of
forecast quality, such as accuracy and skill. The perspective provided by
the distribution oriented approach reveals that forecast quality is inherently
multifaceted in nature. Correspondence between mean forecast and mean
observation, overall strength of linear relationship between individual pairs
of forecasts and observations, and average correspondence between individ-

ual pairs of forecasts and observations were some of the quality aspects.



The expression (6) for the value of imperfect forecasts depends on two pa-
rameters, po and p; related to the characteristics of the forecasts. To simplfy
the the scientific quality of the imperfect weather forecast, long run relative
frequency with which adverse weather is forecast is constrained to equal the
long-run relative frequency of rain; that is PrZ =1 = w. This constraint
implies that

po=(1—pi)r/(1—7) (7)

The parameter p;, m < p; < 1, completely determines imperfect information.
Prior information and perfect information are special, limiting cases in which

p1 = m and p; = 1 respectively.

Linear transformation of p; gives

q=(pr—m)/(1—m) (8)

where ¢ is a measure of relative distance between p; and 7, making 0 < ¢ <1
with ¢ = 0 for prior information and ¢ = 1 for perfect information. ¢ is a
correlation coefficient between the weather variable © and the forecast of
adverse weather Z. Hence, ¢ is a relative measure of quality of imperfect
information (forecast). It is important to note that paramaters p; and ¢
depend only on the probabilistic characteristics of the weather events and

forecasts.

3.3 Quality-Value relationship of information
The value of imperfect information is given by
VeE=0ifm <p <pix*
Vi = mL(p1 — p1*) if pre <py <1
where
prx=1—(C/L)[(1 = m)/x] if 7 > C/L
mx=C/Lifr <C/L

(10)
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Note that in the m > C/L case, p;* is the value of p; for which py = C/L.
Equations (9) and (10) express economic value Vp as a simple function of the

conditional probability of adverse weather condition p;.

Figure 3 shows the corresponding general relationship between relative value,
v = Vg /L, and relative quality ¢. Up to a certain quality threshold, forecasts
are of no economic value because the action that is optimal remains the same
as when only climatological information is available. Above this threshold,
the economic value of the forecasts increases linearly until the upper limit of
perfect information is reached. The quality threshold depends on the relative
distance between the cost-loss ratio C'/L and the climatological probability
of adverse weather m, with no threshold only in the special case of m =
C'/L. The slope of the linear increase in relative economic value above the
quality threshold is var(©), which has its maximum at 7 = 0.5. The relative
economic value of perfect information depends on both 7 and C'/L and can

never exceed 0.25.

0.25 | 0.25 T
(aym=C/L (b)m=CL

L (1-m)(C/L) L =(1-CL)

2 =

1] @

=) =

m T

E Slope= 7(1-7) E

ki R

a7} @

(=’ o

(C/L-m){(1-7)
(7-CiL)Iw
0] 0
0 0
Relative Quality (g} Relative Quality (q)

Figure 3: Quality-value relationship
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4 Scenario analysis

As a next step, we look at different scenarios for the input variables, C' and
m, in the model to investigate how the quality-value relationship changes
when these variables change. Therefor, we set up the model in Excel and
first use a certeris paribus design where either the cost or the probability of
rain changes, holding the other variables constant. Moreover, we then also
investigate the effect of changes in the distance between m and C'/L on the
quality threshold as well as the indifference case where 7 = C'/L, by chang-
ing both input variables. In the base case scenario (Figure 4), the following
parameters are used: the probability of rain 7 is 0.3, cost is 40 and loss is
100, resulting in a cost-loss ratio of 0.4. As predicted before, we get a pos-
itive, linear relationship between relative quality ¢ and relative value V;/L,
starting from a threshold value of ¢ = 0.14 until which the relative value of

information is zero.

Quality/value relation in imperfect information
Cost-loss ratio model (Base Case)

R

Relative value

05 06 07 08 03 1D
Relative quality

Figure 4: Base Case

Firstly, we investigate how the quality-value relationship changes in case of
very high or very low cost C'. Therefor, C' is set either to 95 or 5. As one
would expect, in the high cost scenario information has to be of very high
quality in order to possess positive relative value, indicated by a threshold
of ¢ = 0.93. Similarly, in the low cost scenario this threshold is only slightly

lower at ¢ = 0.84. So, one can conclude that very high or very low cost leads
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to a higher quality threshold, keeping the other variables constant. The rea-
son for this is that in case of very high cost of protective action you would
almost in all cases not take protective action and in case of very low cost of
protective action you would almost in all cases take protective action; only
when information is of very high quality, this could change. This is illus-

trated in the two diagrams of Figure 5.

Quality/value relation in imperfect information Quality/value relation in imperfect information
Cost-loss ratio model (High cost) Cost-loss ratio model (Low cost)
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Figure 5: High and low cost scenario

Secondly, we look at the quality-value relationship if the probability of rain
is very high or very low. Here, we use values of 0.95 and 0.05 for 7. In the
high probability case we get a quality threshold ¢ = 0.58, which is clearly
higher than the threshold of ¢ = 0.37 in the low probability case. Therefore,
if there is a relatively high probability of rain, information has to be of higher
quality in order to be of positive, relative value to the decision-maker. This

can be seen in the two diagrams of Figure 6.

Thirdly, we look at the special case where 7 = C/L which means the the
prior probability of rain equals the cost-loss ratio. In this case, the decision-
maker would be indifferent between taking or not taking an umbrella. As we
can see in the following diagram, we get no quality threshold, indicated by
the fact that information is always of positive, relative value to the decision

maker regardless of its quality. This is shown in Figure 7.

12



Quality/value relation in imperfect information Quality/value relation in imperfect information
Cost-loss ratio model (High probability) Costdoss ratio model (Low probability)
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Figure 6: High and low probability scenario

Quality/value relation in imperfect information
Costdoss ratio model (Indifference)
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Figure 7: Indifference case

Fourthly, we show that the quality threshold depends on the relative distance
between 7 and C'/ L. Therefor, we now change both, 7 and C, and look at a
case with a high distance (7 = 0.1, C =90, C'//L = 0.9) as well as at a case
with a low distance (7 = 0.3, C' = 35, C'/L = 0.35). It can bee seen in the
two graphs in Figure 8 that the high distance between 7 and C'/L leads to
a high quality threshold of ¢ = 0.89 whereas the low distance leads to a low
quality threshold of ¢ = 0.07.
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Quality/value relation in imperfect information Quality/value relation in imperfect information
Costloss ratio model (High distance) Costdoss ratio model {Low Distance)
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Figure 8: High and low distance scenario

5 Monte Carlo simulation

Finally, using the @Risk simulation extension for Excel, we perform a Monte
carlo simulation where 7, C' and Z were used with uniform distributions as
the input variables and relative quality ¢ and relative value Vg/L of infor-

mation as the output variables.

Figure 9 shows the summary results after 1,000 iterations for relative quality
and relative value of information. From this, it can be seen that we get a
mean of (.24 for relative quality and 0.01 for the relative value of informa-

tion, with a relatively high standard deviation of 0.32 for the relative quality.

6 Conclusion

We have used the framework by Katz and Murphy (1987) to investigate the
relationship between quality and value of imperfect information. The rela-
tive economic value of imperfect weather forecasts Vr/L was presented as
a function of relative quality q. There is a positive, linear relationship be-
tween information quality and value, starting from a certain quality threshold
(g=(r—=C/L)/mor q=(C/L—m)/1—m)) until which the relative value of

information is zero.

14



Simulation Results for Simulation Results for

relative quality | M3 relative value | P3
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Figure 9: Summary results for relative quality and relative value

This functional relationship was analyzed by looking at different scenarios,
where at first either the prior probability of rain 7 or the cost of information
C' (and therefore the cost-loss ratio C'//L) was changed. Secondly, we have
seen that the size of the quality threshold depends on the relative distance
between m and C/L and that there is no quality threshold in the special
case of 1 = C'/L. Thirdly, a Monte Carlo simulation was performed where
m, C' and Z were used as input variables and mean results for relative qual-
ity and relative value of information of ¢ = 0.24 and Vp/L = 0.01 were
achieved. Finally, it should be noted that although the analytical framework
was successfully tested using scenario analysis and Monte Carlo simulation
and plausible results were achieved, there are limitations to this model as
it restricts the possible states and actions to two each (rain / no rain; take
umbrella / do not take umbrella). Moreover, the theory of decision trees

could be used to illustrate the problem faced by the decision maker.
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