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A Decision-making Strategy to Maximize the Information Value
of Weather Forecasts in a Customer Relationship
Management (CRM) Problem of the Leisure Industry

Joong-Woo Lee** - *Ki—Kwang Lee***

m Abstract =

This paper presents a method for the estimation and analysis of the economic value of weather forecasts for
CRM decision-making problems in the leisure industry. Value is calculated in terms of the customer’s satisfaction
returned from the user’s decision under the specific payoff structure, which is itself represented by a customer’s
satisfaction ratio model. The decision is assessed by a modified cost-loss model to consider the customer’s satisfaction
instead of the loss or cost. Site-specific probability and deterministic forecasts, each of which is provided in Korea
and China, are applied to generate and analyze the optimal decisions. The application results demonstrate that
probability forecasts have greater value than deterministic forecasts, provided that the users can locate the optimal
decision threshold. This paper also presents the optimal decision strategy for specific customers with a variety of
satisfaction patterns. |

Keywords : Customer Relationship Management(CRM), Cost-loss Model, Customer’s Satisfaction
Ratio Model; Value Score
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1. Introduction

Many decision—-making problems in busine-
sses (e.g., manufacturing, distribution, construc—
tion, electricity generation, etc.) are quite sensi-
tive to weather information. A weather forecast
has value if, and only if it can be used to make
decisions that provide some benefit to the end
user (Katz and Murphy, 1997, Mylne, 2002).
‘Weather forecasts are generally provided to
users with the best estimate as to whether a de-
fined weather event of concern will occur, in a
deterministic or probabilistic fashion. A decision
maker attempts to determine the optimal action,
which generates the maximum benefits from the
provided weather information. Many studies have
been conducted to evaluate the economic values
of the applications of weather information on the
basis of a user’s prototypical decision-making
models, the majority of which assume basic cost-
loss ratio situations (Thompson, 1952, 1955;
Murphy, 1976, 1977; Katz and Murphy, 1997,
Stewart et al., 2004; Jolliffe and Stephenson,
2003).

The simple cost-loss ratio model assumes
that a decision maker is obliged to decide whe-
ther or not to employ a protective action by con—
sidering the imperfect forecast information re-
lated with a particular adverse weather event.
This protective action can reduce the loss of ex-
penses with a smaller protection cost. However,
an even larger loss will be incurred unless the
protective action is taken with an occurrence of
the adverse weather event. As the cost-loss ra-
tio model has an advantage in describing real-
istically the situations faced by many fore-
cast-sensitive decision makers via a consid-

erably simple normative structure (Murphy, 1976),

it has been utilized as a useful framework by

which the use and the value of weather forecasts
might be assessed.

Several studies have extended the basic cost-
loss ratio situation to application in a variety of
real world situations. Murphy (1985) proposed
the generalized model with N actions and N
events to augment a basic situation with two
actions and two events. The dynamic or se-
quential models, in which assume that repetitive
decision—-makings are conducted, were discus-
sed within the context of the basic situation
(Murphy et al., 1985; Epstein and Murphy, 1988;
Katz, 1993). Moreover, a considerable range of
approaches have been conducted to investigate
the relationship between forecast quality and
forecast value for both the static and dynamic
versions (Murphy et al,, 1985; Katz and Murphy,
1990; Thornes, 2001; Wilks, 2001; Mylne, 2002;
Zhu et al., 2002). Additionally, the study pre-
viously conducted by Murphy and Ye (1990)
suggested a time—dependent version of the cost-
loss ratio model to describe a situation in which
the decision maker may delay the decision until
forecasts of greater accuracy become available,
despite the increased cost of protection inherent
to the delay in action. Recently, Lee and Lee
(2007) proposed a profit-loss model to estimate
the economic value of forecasts for profit—ori-
ented enterprise by expanding the traditional di-
chotomous actions to the continuous degree of
actions.

This paper proposes a modified version of the
cost-loss ratio model with the introduction of a
Customer’s satisfaction index for the estimation
of the economic value of weather forecasts of
dichotomous events. One of two possible actions

1S determined by the expected degree of the cus-—
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tomer’s subjective satisfaction, which results
from the accuracy of the provided forecast in—
formation. The decision maker considers the cu-
stomer’s satisfaction deriving from the action in
addition to the degree of cost savings afforded
as a benefit of the use of the weather infor-
mation. In particular, the principal objective of
customer relationship management (CRM) in
most businesses is to maximize customer sat-
isfaction, rather than to mimimize expenses. This
paper presents a positive-negative satisfaction
ratio model adapted from the conventional cost-
loss ratio model, designed to conform to the re-
alistic situations faced by enterprise-based de-
cision makers, whose principal concerns are the
maximization of customer satisfaction. This ap-
proach is directly relevant to clients of the en—
terprise, and should also prove informative to
forecast providers, who are most interested in
the value of their forecasts, which may differ for
different customer types.

In Section 2, a modified value score method
for the calculation of forecast value is described
via a CRM decision-making model to emphasize
the maximization of customer satisfaction rather
than the minimization of costs or losses. Section
3 provides a practical application of the proposed
evaluation method for real forecast data. Finally,
conclusions of this study are presented in sec-
tion 4.

2. The Economic Value of
Forecast for a CRM Rela-
ted Decision—-making
Situation

From the viewpoint of decision makers in wea—

ther-sensitive businesses, forecasts are valu-

able only if an action is taken as a consequence
of provided forecast information, and addition-
ally only if that action proves profitable. This
study modifies the basic cost-loss model 1ni-
tially introduced by Thompson (1952) and ex-
plained in details by Jolliffe and Stephenson
(2003) such that it maximizes customer sat-
isfaction rather than mimimizing losses. The pro-—
posed approach considers the economic value for
various customer types, thereby providing the
more universal analysis required by forecast

providers and users.

2.1 The Specific Decision-making Model for
CRM service

The basic cost-loss model with a determin-
istic forecast for a binary weather event is ex-
tended to the decision—-making model for the
CRM service in a leisure industry. In this paper,
it 1s assumed that a decision maker in charge
of a CRM service in a resort must decide wheth-
er or not to undertake a specific customer serv-
ice action, on the basis of the probability fore—
cast provided for a specific precipitation event.
The customer service, in this case, involves
sending the subscriber a short message on a
mobile phone, notifying the subscriber that it
will rain on the day reserved, and encouraging
the client to cancel her/his appointment. There-
fore, this customer service action will be taken
only if the chances of rain are judged to be con-
siderably high.

The proposed decision-making model also
assumes that the decision maker considers a
customer’s satisfaction index by utilizing the
provided probability forecasts. Generally, the

decision maker seeks to maximize the custom-



er's satisfaction by forwarding appropriate short
messages while minimizing her/his discontent
due to the decision maker’'s misjudgment of the
forecast information.

Assuming that the decision maker considers
probability forecasts, a modified contingency ta-
ble is provided in <Table 1>, which represents
the degree of satisfaction and dissatisfaction as-
sociated with the CRM service. The value of the
satisfaction index in the case of ‘Correct Rejec-
tion’ is 0, in a fashion similar to that of the basic
cost-loss ratio model. It 1s supposed that the in—
dex value of the satisfaction in the case of ‘Hit’
is 1 for purposes of ease of calculation. On the
other hand, the index values of two types of dis—
satisfaction in cases of ‘False Alarm’ and ‘Miss’
are assumed to be -4 and -B (A>1, B>1).
That 1s, the degree of dissatisfaction can be de-
fined by a value relative to the satisfaction of
‘Hit’. Additionally, the degree of dissatisfaction
is not permitted to be less than the degree of
satisfaction with ‘Hit'. Accordingly, the expected
degree of a customer’s satisfaction from the
CRM service consists of the entries in Table 1
weighted by the probabilities in <Table 2>, or

E} =pyy — Apy, — By (1)

Detailed explanations of Eq. (1) and <Table
2> are provided in the following section.

(Table 1> The 2x2 contingency table for CRM
service

Short Message Service

Yes-User sends  No-User does not
short message  send short message

Y Hit NﬁSS
Adverse 1€ W (-A)
Weather —
Observed Np False Alarm Correct Rejection

(-B) )

(Table 2> The 2x2 verification table for weather

forecast
Forecast Adverse Weather
Yes No
pll - pOl =
Yes _
Adverse figptp (fi» o) fi;ptp(f i 0)
Weather
Observed Do = P =
No Z p\f; 0()) p(fi, 00)
fi>m fi < p

2.2 Calculation of Forecast Value

The economic value of forecasts can be de-
fined by the additional benefits (i.e., customer’s
positive satisfaction index) derived by the deci-
sion maker from the use of a forecast as opposed
to not using one, and thus it is assumed that
the decision criterion is to maximize the ex-
pected benefits. That 1s, the decision maker is
postulated to select a CRM service strategy for
which the expected satisfaction index of a cus-
tomer is maximized, where the expected sat-
isfaction index of the strategy is the proba-
bility-weighted average of the satisfaction in-
dices, including the negative and positive indices
resulting from the determined strategy and

weather events.

2.2.1 Climatological Reference Profit

If decisions are based solely on the infor-
mation regarding the climatological probability
of adverse weather, or m, then the decision mak-
er has two options : either always send the
short message or never send the short message.
Assuming that the decision maker selects the
best strategy, the maximum expected climato-
logical satisfaction index in the decision-making

situation (shown in <Table 1>) is given by



E;l=max(—7r4, 7—(1—7)B) (2)

Therefore, the expected satisfaction index
when the climatological information is given can

be defined as follows :

A+ B+1 (3)

B, = { —7A if 7 < B
m—(1—7)B otherwise
2.2.2 Expected profit with perfect fore-
casts
Suppose that the decision maker has access
to perfect forecasts. The decision to send the
short message via SMS would then be taken
only in cases in which forecasts warning of ad-
verse weather (i.e., precipitation) would occur
with the frequency 7, thus making the custom-
er's satisfaction index one. Otherwise, the strat-
egy not to send a short message, which could
lead to an index value of zero, would be taken
with a frequency of 1-n. Consequently, the ex-
pected profit attending perfect forecasts would
be

E=r-1+(1—n)-0=n (4)

2.2.3 Expected Profit with Pmperfect

Forecasts

The expected satisfaction index when deci-
sions are predicated on imperfect probability fo-
recasts of adverse weather depends on the deci-
sion strategy, the particular customer’s satis—
faction patterh, and the performance character-
istics of those forecasts. In order to make deci-
sions from probability forecasts, the decision
maker transforms each probability forecast to

categorical (i.e., yes/no) forecasts of adverse

weather, in accordance with the magnitude of

w3 7=

the forecast probability f (Wilks, 2001). In effect,
the decision to send a short message is made

in cases in which the probability, p, of the pre-
cipitation exceeds a chosen threshold, p;. Accor-
dingly, the choice of p; determines both the deci-
sion strategy and the value of the forecast.
As a consequence, it is expected that over a
number of forecast occasions, the decision mak-
er will experience average customer satisfac—
tion, which will depend on the joint distribution
of probability forecasts and the corresponding
observations p(f;, o;) (Murphy and Winkler, 1987;
Wilks, 2001). Here f, i = 1, -+, I, are the allowable
forecasts and o;, j = 0, 1, are the possible ob-
servations for binary outcomes. This study sup-
poses I = 11, with i = 0.0, 2 = 0.1, -, and fu1
= 1.0, assuming that the forecast probabilities
are rounded to tenths. Although the number of
allowable forecasts may be more or fewer than
I = 11 depending on the forecast format, Wilks
(2001) has previously demonstrated that the
simplified model with I = 11 is sufficient to cal-
culate the economic value of probability foreca-
sts. Thus, the expected degree of customer sat-
isfaction can be calculated by considering the
decision pattern determined by p: and the cus-
tomer satisfaction-related parameters in ac—
cordance with the dichotomous weather events
and actions provided in <Table 1>, which are
weighted by the joint probabilities, p(f;, 0,), 1=
1, ==+, 11, j = 0, 1. Therefore, the expected sat-
isfaction index obtained from the following spe-
cific decision patterns based on imperfect fore-

casts would be
I/ D-1 I
E, = EJDP(fi’ 0)— A p(f, 01)-—BEDp(fi, 0,) (5)
i= i=1 i=

in which D is the index of the smallest fore—



cast probability that is larger than the threshold

argrinln (f: >Pt))' From the definition

p: Ge, D =
of the index D, it can be deduced that precip-
itation is ‘forecast’, and thus a short message
is sent to the customer for all forecasts with
probability f, i = D. The proportion of occasions
when this would occur in advance of precip-
itation would be p,=Y.. pp(f;0,), and the
proportion of occasions in which a short mes-
sage would be needlessly sent would be
P =, pp(fi» o). The probability of precip-
itation following a ‘no forecast, po, and the
probability of no precipitation following a ‘no
forecast, pw, are defined in a similar fashion, as
is shown in <Table 2>.

From Eq. (5), we can observe that the ex-
pected satisfaction value depends on three fea-
tures. The first is the particular decision maker’s
decision pattern determined by the choice of D
or pr. The second is the specific customer’s sat-
isfaction pattern represented by two parameters,
A and B. The third is the performance charac-
teristics of the forecasts used by the decision
maker, as specified by the joint distribution of
forecasts and observations p(f,, o;). Note that it
is quite important to select the most appropriate
threshold p; for the given characteristics of cus-
tomer satisfaction and forecasts, on the grounds
that only the first among three features can be

controlled.

2.2.4 Value Score

With regard to the general utilization of fore-
cast value assessments, some studies (Wilks,
2001; Mylne, 2002; Joliffe and Stephenson, 2003)
have introduced the concept of a skill score, or

value score, transforming the difference form to

a normalized scale representing the relative in-

crease in expected return to that of a perfect
forecast. The relative economic value of a fore-
cast, referred to as a value score (VS), is defined
by

ve=—1 4 (6)

D cl

3. Applications to Real Data
Sets

The proposed skill score model for CRM
service in a resort business has been applied to
real forecast datasets in order to illustrate two
simple verification examples with probability
and deterministic forecasts, and was utilized to
compare the verification results. The application
was predicated on probability forecasts of pre-
cipitation in Seoul, South Korea made by the
Korea Meteorological Administration (KMA)
and deterministic or nonprobabilistic fofecasts
of precipitation in Shanghai, China produced by
the China Meteorological Administration (CMA)
for the period 2003~2005. In both cases, the
event is defined as an occurrence if at least
0.254mm of precipitation is recorded over a fore-
cast lead-time of 12 hours.

<Table 3> presents the joint distribution of
forecasts and observations, p(f;, 0,), for the
probability forecasts of 0, 0.1, 0.2, --+, 0.9, 1 pro-
vided for Seoul, and for the deterministic fore-
casts of 0 (no precipitation forecast) and 1
(precipitation forecast) provided for Shanghai.
The summation of the joint probabilities p(f;, o)
for all i = 1, 2, -+, I, constitutes the climatological
probability, .
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(Table 3) Joint distribution of forecasts and
observations for Seoul and Shanghai

Seoul Shanghai

ofi ) p, o) plf, o) plf o)

0 026277 000647 056419  0.10473
0.1 021442  0.02281 - -
0.2 0.15%67  0.06022 - -
0.3 0.03467  0.04015 - -
04 0.00274  0.06843 - -

05 0 0 - -
0.6 0.00182  0.05566 - -
0.7 0 0.0109% - -
0.8 0.00091  0.02555 - -
0.9 0 0.01460 - -

1 0 001916 0.11486 0.21622

sum 067701 03229 067905 0.320%

3.1 Comparison of value scores for
probability and deterministic forecasts

The economic values of forecasts as a func-
tion of the threshold, p;, for selected customer
satisfaction patterns with combinations of A and
B, are calculated using the probability forecast
data provided for Seoul. The results are pro-
vided in <Figure 1>. It can be observed from
<Figure 1> that the value of a probability forecast
is profoundly dependent on p;. Also, as the de-
gree of customer dissatisfaction is relatively
larger (ie., as the values of A and B are large),
the interval of p; with a positive VS wvalue is
smaller. Accordingly, the decision maker should
deliberate on the CRM service for customers
evidencing high levels of discontent. From
<Figure 1>, however, we can note that the deci-
sion maker is able to obtain the maximum value
by determining the optimal decision threshold,
P, at which all the maximum values of the 6
cases shown in <Figure 1> have positive VS
values. Consequently, the decision maker’s prin-

cipal requirement is to obtain maximum value

from the forecast information, and therefore the
practical value of the probability forecasts is
given by the maximum of the curve at p; = Pmax.
By using pmax as a decision threshold, the deci-
sion maker can optimize future decision—making
from the forecast information (provided only
that past performance is representative of future

performance).

1.0

0.5

VS 0.0

0.05 025 045 065 085 |

DPr

{Figure 1) VS curves plotted against decision
threshold p: for probability forecasts of
precipitation in Seoul, South Korea.
The combinations of parameter A and
Bare:A=1, B=1 (thick solid line);
A=1 B=2 (dotted); A=1 B=3
(thin solid); A= 2, B=1 (dot-dash);
A=2 B=2 (dashed); A=3 B=1
(dot-dot-dash)

<Figure 2> shows the maximum value score
(VS) acquired by the optimal decision threshold
DPmax for the probability forecast provided for
Seoul and the value score for the deterministic

forecast for Shanghai in the situations of value
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combinations of A and B, given that the value
of A and B can be 1, 2, ---, 6. As the values of
A and B are defined as the degrees of two types
of discontent relative to the satisfaction degree
of 1, the value combinations of A and B can be
considered to represent the various character-
istics of customers. Thus, from <Figure 2> we
can infer the expected degrees of satisfaction for
various customers incurred by the CRM ser-
vices. <Figure 2> shows that the Seoul proba-
bility forecasts are substantially more valuable
for the CRM services in the resort business than
are the Shanghai deterministic forecasts. How-
ever, the Shanghai forecasts evidence com-
parable values for small values of A and B,
which illustrates that they can generate accept-
able results in CRM services for customers
whose dissatisfaction with false alarms and
misses is not very large. It must also be noted
that the forecast value may be negative for some
customers with large A and B values, as in
those cases the dissatisfaction associated with
misses and false alarms is too high relative to

the satisfaction deriving from a correct forecast.

1 44— 5
“_:;::_“ :—_-” vvvvvv _—"‘“—J::m : L -
P e
: : ...... |--------~-:‘£—:b-'_.\j .....
VS 041 § §
054! 5
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(a) Probability forecasts, Seoul

In this case, the decision maker’s optimal strat-
egy is to either always, or never send the short
messages, whichever is better, rather than fol-
lowing the forecasts, as Mylne (2002) previously
proposed.

In summary, it should be noted that the supe-
riority of the probability forecasts to the de-
terministic forecasts is valid only if the decision
maker can determine the most effective decision
threshold pma. <Figure 1> shows that the var-
iation in the VS value is large according to the
decision threshold p;, and there exists a thresh-
old interval with negative VS values which are
even smaller than those of the deterministic
forecasts. Consequently, it 1s important to ana-
lyze the optimal decision threshold for every

particular customer type.

3.2 Analysis of the optimal decision strategy
for the probability forecasts

The pattern of the graphs in <Figure 1> al-
lows for the easy identification of pma for each

particular customer whose satisfaction pattern

------------

0.5+1" :

AT T
VS 0 _.J:' :'?l;_’"f
05417
I e, R
__________________ 4
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(b) Deterministic forecasts, Shanghai

{Figure 2> The maximum VS of precipitation forecasts for various customer satisfaction patterns. Similar
VS values are represented by their corresponding colors in the contour.
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is expressed in terms of A and B values. Figure
3 shows the pma values for all possible combi-
nations of A and B, given that the values of A
and B can be 1, 2, ---, 6. By considering the val-
ues of the optimal decision threshold pna and
the combinations of the values of A and B, three
groups can be considered. ‘Group 1° would in-
clude customers with similar degrees of dissat-
isfaction for ‘misses’ and ‘false alarms’. The
customers in ‘Group 2’ have larger B values rel-
ative to A, which reflects their tendency to be
more disappointed with ‘false alarm’ cases than
with ‘misses.” Conversely, the customers in
‘Group 3" are more sensitive to ‘misses’ than to
‘false alarms.’

Judging from ‘Group 1’ in <Figure 3>, it is
evident that the optimal decision threshold pmg
for the customer with similar A and B values
is 0.25. This means that a customer who has
similar degrees of dissatisfaction in cases of
‘miss’ and ‘false alarm’ is able to achieve max-
imum satisfaction if she or he receives a short
message whenever the forecast probability is

larger than 0.25 (in effect, whenever the forecast

f Group 2 Group 1
6 6.35 035 0.35 25 0.25
511035 035 035425 025 025
411035 035 0.25 025 0.25
3 025 025 025 0.25
2 0.25 0.25)f0.15 015 |
1 015 015 015 0.5
Group 3 > 4

1 2 3 4 5 6

CFigure 3> Optimal policy (Pmax) for customer's
satisfaction patterns represented by
Aand B

probability is 0.3 or more). This result is identi-
cal to that reported by Mylne (2002). From
‘Group 2’ in <Figure 3>, we can also note that
the optimal threshold is increased to 0.35 from
0.25 as the value of B is larger than that of A,
which implies that the decision must be a con-
servative one when the customer tends to be
more sensitive to ‘false alarms’ than ‘misses’.
The obverse of this interpretation can be applied
to ‘Group 3.

4. Conclusion

This paper describes a method for the estima-
tion of forecast value by introducing a modified
cost-loss ratio situation coupled with a custom-
er satisfaction index. The decision-making mo-
del was discussed to generalize the 2x2 cost-
loss ratio contingency table and to conform the
model to a real CRM decision—-making situation
in a Korean resort. The standard cost-loss ratio
situation with two actions and two events was
generalized to a satisfaction index model, con-
sidering the satisfaction and dissatisfaction in-
curred by the weather and the strategy for its
CRM action. The satisfaction-dissatisfaction ra-
tio situation assumes that the decision maker
will attempt to maximize the expected customer
satisfaction returns achieved as the result of op-
timally balancing the additional satisfaction and
the incurred dissatisfaction.

The action taken to maximize a given cus-
tomer’s happiness can be determined in accord-
ance with the degrees of content and discontent
of the customer in relation to weather events.
Thus, this paper uses the parameters A and B
to parameterize customer satisfaction, in an ef-
fort to specify the relationship between the sat-



isfaction and dissatisfaction following from the
CRM decisions and the weather events. The ap—
propriate CRM services are selected by choos-
ing the optimal threshold for every customer
satisfaction pattern.

In the proposed CRM decision-making sit—
uation, the concept of the value score (VS) was
employed to represent the variations in scaled
economic values as a function of the customer’s
satisfaction. The proposed economic valuation
method with the VS curve in the CRM deci-
sion—making problem was applied to real-field
forecast data for precipitation from Seoul and
Shanghai, using probabilistic and deterministic
formats, respectively. The verification results
showed that the probability forecast source at
Seoul is more valuable than that of Shanghai.
The results of analysis demonstrate that the VS
evaluation as a function of the decision threshold
p: 1s a useful method for determining the best
decision strategies on the basis of forecast in-
formation for various customers.

In conclusion, the practical application for the
maximization of customer satisfaction by using
forecast information will require the fulfillment
of certain prerequisites by the forecast users.
The users (i.e., decision makers) must define the
patterns of their customer’s satisfaction and
dissatisfaction following from the CRM serv-
ices, that is, they must estimate the payoff
structure (i.e., satisfaction and dissatisfaction)
expected in each of the relevant contingencies.
This study also provides an example showing
that decision makers in a variety of enterprises
can extract the greatest benefits from forecasts
via possible extensions of the traditional
cost-loss model. For example, we can elaborate

the payoff relationship structure between the

forecast-based decisions and events via the in-

troduction of a satisfaction index. Another pos-
sible extension may involve the derivation not
only of a theoretical, but also a practical decision
parameter py, thereby reflecting an actual user’s
disposition toward the CRM decision-making.
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