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DECISION THEORETIC APPROACH TO 
TARGETED SOLICITATION BY MAXIMIZING 

EXPECTED PROFIT INCREASES 

BACKGROUND OF INVENTION 

[0001] The invention relates generally to targeted solici 
tation, and more particularly to decision theoretic 
approaches to targeted solicitation. 

[0002] To acquire neW customers, and persuade old cus 
tomers to purchase more, advertisers commonly conduct 
solicitations. Solicitations may be in the form of direct 
mailing, phone calling, and e-mailing potential purchasers. 
Advertisers usually have at their disposal large databases of 
individuals to potentially solicit. These databases may have 
been purchased by the advertisers, or the advertisers may 
have collected the data on their oWn. The data for any given 
individual may be as rudimentary as the person’s name, 
phone number, e-mail address, and mailing address, or may 
be enriched With demographic information. The demo 
graphic information may include the person’s gender, 
income bracket, occupation, as Well as other information. 

[0003] A dilemma faced by the advertisers, hoWever, is 
Which individuals to solicit. Some people are likely to make 
a purchase regardless of Whether they receive a solicitation, 
Whereas others are likely to make a purchase only if they 
receive a solicitation. Some people may never make a 
purchase, even if the solicitation offers a steep discount in 
price. Still others may be offended by receiving a solicita 
tion, and change their minds after having initially decided to 
make a purchase. 

[0004] Within the prior art, there are at least tWo 
approaches for advertisers to folloW to decide Who to solicit 
in an advertising campaign. First, an advertiser may solicit 
everyone in its database, Which is referred to as an untar 
geted approach. This is costly, hoWever, and Where the 
advertiser is offering a price discount, means that potential 
revenue is lost When the discount is redeemed by consumers 
Who Would have made a purchase anyWay. The advertiser 
loses the cost of the solicitation When soliciting people Who 
Will never make a purchase, regardless of Whether they 
receive the solicitation. Furthermore, the advertiser loses the 
business of those individuals Who are offended by receiving 
the solicitation, and Who Would have otherWise made a 
purchase. 
[0005] Second, the advertiser may solicit only some 
people in the database, Which is referred to as a targeted 
approach. The question then becomes Which individuals to 
target for solicitation. Advertisers may resort to decision 
theoretic approaches to ansWer this question. Decision theo 
retic approaches utiliZe statistical and probabilistic models 
to determine Which people to solicit. Decision theoretic 
approaches can use Bayesian netWorks, decision trees, and 
other types of statistical models. HoWever, current such 
approaches usually focus on one of tWo goals. First, the 
approaches may try to maximize consumer response to an 
advertising campaign. The advertiser, hoWever, is not inter 
ested so much in maximiZing the response, as it is in selling 
the most items at the highest price. These tWo goals may not 
be consistent With one another. For example, maximiZing the 
response of individuals Who Would have made a purchase 
regardless of receiving the solicitation is not the aim of the 
advertiser. 
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[0006] Second, standard machine learning approaches that 
are used to construct statistical models from observed data 
are not Well suited for the targeted solicitation problem. 
Particularly, these approaches are unable to incorporate 
advertiser pro?t as the ultimate utility of their learned 
models, and instead usually focus on predictive accuracy. As 
an example, the targeted solicitation problem requires a 
statistical model of the probability that a customer Will make 
a purchase, given knoWn attributes of the customer. The best 
statistical model to solve this problem, hoWever, is not 
usually the one that yields the best predictive accuracy. 

[0007] The prior art is thus limited in the tools it offers 
advertisers to determine Which people to solicit. A strategy 
of soliciting everyone in the advertisers’ databases can be 
counterproductive, Whereas prior art decision theoretic 
approaches have objectives that are not alWays aligned With 
the interests of the advertisers. For these and other reasons, 
there is a need for the present invention. 

SUMMARY OF INVENTION 

[0008] The invention relates to a decision theoretic 
approach for targeted solicitation, by maximiZing expected 
pro?t increases. The invention identi?es a sub-population of 
a population to solicit by using a decision theoretic model 
constructed to maximiZe an expected increase in pro?ts. 
Once this sub-population has been identi?ed, they are then 
solicited, such as by e-mail, mail, or phone call. 

[0009] In particular, one embodiment uses a decision 
theoretic model knoWn as a decision tree. The decision tree 
has paths from a root node to a number of leaf nodes. To 
maximiZe the expected increase in pro?ts, the decision tree 
has What is knoWn as a split on a solicitation variable in 
every path from the root node to each leaf node. The 
solicitation variable has tWo values, a ?rst value correspond 
ing to a solicitation having been made, and a second value 
corresponding to a solicitation not having been made. 

[0010] The decision tree is constructed from a sample of 
the population on Which a randomiZed experiment has been 
performed. The members of the sample are divided into a 
solicitation group and a non-solicitation group. The former 
group is solicited, Whereas the latter group is not. Corre 
spondingly, the solicitation variable for each member of the 
solicitation group is set to the ?rst value, Whereas for each 
member of the non-solicitation group it is set to the second 
value. Once purchases are made by some of the members of 
each group after a period of time, a purchase variable is set 
for each member of the groups. The purchase variable has 
tWo values, a ?rst value corresponding to a purchase having 
been made, and a second value corresponding to a purchase 
not having been made. For the members of either group that 
have made a purchase the purchase variable is set to the ?rst 
value, Whereas for the other members of either group it is set 
to the second value. The tree itself may be constructed using 
What is knoWn as a greedy approach. The split on the 
solicitation variable in one particular case can be the ?rst 
split on each path, Whereas in another particular case it can 
be the last split on each path. 

[0011] A decision theoretic model constructed according 
to the invention is aligned With the interests of the advertiser. 
The advertiser’s goal of selling the most items at the highest 
price is alWays consistent With a model constructed to 
maximiZe the advertiser’s expected increase in pro?ts. For 
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example, the model is likely not to recommend soliciting an 
individual having the characteristics of someone Who Will 
never purchase an item, because this does not correspond to 
an increase in pro?ts. As another example, Whereas someone 
Who is already interested in purchasing the item may 
respond to a solicitation, the model is not likely to recom 
mend soliciting this person because pro?ts Would decrease 
in doing so. If the solicitation offers a discounted price on the 
item, for instance, soliciting someone Who Would buy the 
item anyWay at a higher price means that the advertiser loses 
revenue equal to the higher price minus the discounted price. 

[0012] In addition to the embodiments, aspects, and 
advantages described in the summary, other embodiments, 
aspects, and advantages of the invention Will become appar 
ent by reading the detailed description and by referencing 
the draWings. 

BRIEF DESCRIPTION OF DRAWINGS 

[0013] FIG. 1 is a table shoWing the types of members, 
and the gains or losses associated With the member types 
When soliciting them, as opposed to not soliciting them. 

[0014] FIG. 2 is a diagram shoWing the overall approach 
folloWed by the invention to identify and solicit a sub 
population of a population of data to maXimiZe an eXpected 
increase in pro?ts. The diagram also shoWs a more detailed 
approach folloWed by an embodiment of the invention, and 
the manner by Which the embodiment uses the population of 
data. 

[0015] FIG. 3 is a table shoWing an eXample population of 
data, including the data collected from performance of the 
pre-modeling randomiZed eXperiment shoWn in FIG. 

[0016] FIG. 4 is a ?oWchart of a method performed by one 
embodiment as the randomiZed eXperiment shoWn in FIG. 
2. 

[0017] FIG. 5 is a diagram of an eXample decision tree 
shoWn for explanatory purposes. 

[0018] FIG. 6 is a ?oWchart of a method performed by one 
embodiment to construct a decision tree having a split on a 
solicitation variable in every path betWeen the root node and 
each leaf node. The decision tree in particular has a ?rst split 
on the solicitation variable in every path betWeen the root 
node and each leaf node. 

[0019] FIGS. 7A and 7B are ?oWcharts of a method of an 
eXample greedy approach to decision tree construction that 
can be used by the method of FIG. 6. 

[0020] FIG. 8 is a ?oWchart of a method performed by one 
embodiment to construct a decision tree having a split on a 
solicitation variable in every path betWeen the root node and 
each leaf node. The decision tree in particular has a last split 
on the solicitation variable in every path betWeen the root 
node and each leaf node. 

[0021] FIG. 9 is a diagram shoWing hoW the method of 
FIG. 8 can use the eXample greedy approach of the method 
of FIGS. 7A and 7B. 

[0022] FIG. 10 is a diagram of an eXample decision tree 
that may be constructed and used to identify the sub 
population to Which solicitation should be made to maXi 
miZe an eXpected increase in pro?ts. 
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[0023] FIG. 11 is a diagram of a computeriZed environ 
ment in conjunction With Which the invention may be 
practiced. 

DETAILED DESCRIPTION 

[0024] In the folloWing detailed description of eXemplary 
embodiments of the invention, reference is made to the 
accompanying draWings that form a part hereof, and in 
Which is shoWn by Way of illustration speci?c eXemplary 
embodiments in Which the invention may be practiced. 
These embodiments are described in suf?cient detail to 
enable those skilled in the art to practice the invention. Other 
embodiments may be utiliZed, and logical, mechanical, 
electrical, and other changes may be made Without departing 
from the spirit or scope of the present invention. The 
folloWing detailed description is, therefore, not to be taken 
in a limiting sense, and the scope of the present invention is 
de?ned only by the appended claims. 

[0025] Member Types and OvervieW of General Approach 
to Targeted Advertising 

[0026] FIG. 1 is a diagram of a table 100 shoWing the 
various types of members that can be solicited, and the effect 
on revenue of soliciting them versus not soliciting them. A 
member is generally any type of entity that can be solicited. 
Members may be individuals, corporate customers, other 
organiZational customers, or other types of members. The 
table 100 is divided into four columns, a column 102, a 
column 104, a column 106, and a column 108. The column 
102 shoWs the different types of members. The member type 
110 is an alWays buy member, Who makes a purchase 
regardless of Whether being solicited. The member type 112 
is a persuadable member. The persuadable member only 
makes a purchase if he or she is solicited. The member type 
114 is an anti-persuadable member, Who makes a purchase 
only if not solicited. Finally, the member type 116 is a never 
buy member, Who never makes a purchase regardless of 
Whether being solicited. 

[0027] The columns 104 and 106 indicate the advertiser’s 
revenue When soliciting the member types and not soliciting 
the member types, respectively. The column 108 indicates 
the gain or loss incurred by the advertiser from soliciting the 
member types, as compared to not soliciting the member 
types. The values in the column 108 are generated by 
subtracting the revenue realiZed from non-solicitation in the 
column 106 from the revenue realiZed from solicitation in 
the column 104. 

[0028] As indicated in the boX 118, the alWays buy mem 
ber type 110 generates revenue for the advertiser equal to the 
amount 142 When solicited. This reduced revenue is the 
regular price of the item, minus the cost of solicitation, and 
the discount on the regular price offered in the solicitation. 
If not solicited, as indicated in the boX 120, the alWays buy 
member type 110 generates revenue equal to the amount 
144, Which is the regular price of the item. As indicated in 
the boX 122, by soliciting the alWays buy member type 110, 
the advertiser realiZes a loss in potential revenue equal to the 
amount 146. The amount 146 is the amount 142 in the boX 
118 minus the amount 144 in the boX 120. The amount 146 
is equal to the cost of solicitation plus the discount on the 
regular price offered in the solicitation. Soliciting the alWays 
buy member type 110 thus results in a loss in potential 
revenue to the advertiser. 
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[0029] As indicated in the box 124, the persuadable mem 
ber type 112 also generates revenue for the advertiser equal 
to the amount 142 When solicited. HoWever, if not solicited, 
as indicated in the box 126, the persuadable member type 
112 generates Zero revenue, Which is indicated as the amount 
148. This is because the persuadable member type 112 Will 
not make a purchase if not solicited. Therefore, as indicated 
in the box 128, by soliciting the persuadable member type 
128, the advertiser realiZes a gain in revenue equal to the 
amount 142. 

[0030] As indicated in the box 130, the anti-persuadable 
member type 114 generates a loss for the advertiser equal to 
the amount 150 When solicited. The amount 150 is the cost 
of solicitation. If not solicited, as indicated in the box 132, 
the anti-persuadable member type 114 generates revenue 
equal to the amount 144. The anti-persuadable member type 
114 only makes a purchase if not solicited, so soliciting this 
member type results in a loss of revenue for the advertiser. 
This is indicated in the box 134, Which shoWs that the 
advertiser realiZes a loss in revenue equal to the amount 152. 
The amount 152 is the cost of solicitation, indicated as the 
amount 150, minus the regular price of the item, indicated as 
the amount 144. 

[0031] Finally, as indicated in the box 136, the never buy 
member type 116 also generates a loss for the advertiser 
equal to the amount 150 When solicited. If not solicited, as 
indicated in the box 138, the never buy member type 116 
generates no revenue, as indicated by the amount 148. 
Therefore, as indicated in the box 140, by soliciting the 
never buy member type 116, the advertiser realiZes a loss in 
revenue equal to the amount 150, or the cost of solicitation. 

[0032] The number of members of the different member 
types in a given population can be referred to as N31, Nper, 
Nanti, and Nnev, corresponding to the member types 110, 112, 
114, and 116, respectively. Na1 is the number of members of 
the alWays buy member type 110. Nper is the number of 
members of the persuadable member type 112. Nanti is the 
number of members of the anti-persuadable member type 
114. NDev is the number of members of the never buy 
member type 116. The total number of members in the 
population is referred to as N. The cost of solicitation, equal 
to the amount 150, is referred to as C. The actual pro?t that 
results from an unsolicited purchase is referred to as r, Which 
is that portion of the amount 144 that is pro?t for the 
advertiser. The actual pro?t that results from a solicited 
purchase is referred to as s, Which is that portion of the 
amount 142 that is pro?t for the advertiser, not taking into 
account the cost of solicitation, c. The value s is equal to the 
value r minus the discount in price offered in the solicitation. 

[0033] The expected pro?t from soliciting a member 
therefore is: 

+ (Nal'l'Nper) XS (1) 
*N . 

[0034] It costs c to conduct a solicitation. If the member is 
of the alWays buy member type 110, Which is the probability 
Nal/N, or of the persuadable member type 112, Which is the 
probability Nper/N, then the member Will pay s. If the per 
member is of either of the other member types 114 and 116, 
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then the member Will not pay anything for being solicited. 
The expected pro?t from not soliciting a member is simi 
larly: 

(Na! + Nanti) X r (2) 
*N . 

[0035] This is because the alWays-buy member type 110 
and the anti-persuadable member type 114 Will pay the 
unsolicited price r if they do not receive the solicitation. The 
other member types 112 and 16 Will never make a purchase. 

[0036] The decision Whether or not to solicit to a member 
is Whether the expected pro?t from solicitation is larger than 
the expected pro?t from non-solicitation: 

+ (Na! + Nper) XS (Na! + Nanti) Xr (3) 
N N I 

[0037] This is equivalent to: 

[0038] The left side of equation (4) is the expected 
increase, or lift, in pro?ts realiZed by the advertiser from the 
solicitation. 

[0039] The terms 

(Na! + Nper) 
N 

and 

(Na! + Nanti) 
N 

[0040] in equation (4) can be estimated from collected 
data. That is, the terms are statistically identi?able. In 
particular, the term 

(Na! + N per) 
N 

[0041] represents the fraction of members Who Will make 
a purchase if they receive a solicitation. Conversely, the term 

(Na! + Nanti) 
N 

[0042] represents the fraction of members Who make a 
purchase if they do not receive a solicitation. As Will be 
described, in a pre-modeling phase of the invention data is 
collected to estimate these fractions. 
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[0043] The binary variable S is used as a solicitation 
variable having values corresponding to solicited and not 
solicited, such as one and Zero, respectively. The binary 
variable B is used as a purchase, or buy, variable having 
values corresponding to purchased and not purchased, such 
as one and Zero, respectively. Using these variables, the 
identi?able fractions can be reWritten as: 

N, +N E, 5 
% : p(B : purchasedIS : solicited), ( ) 

(Na! +Nanti) . . (6) 
T : p(B : purchasedIS : not solicited). 

[0044] Using equations (5) and (6), the eXpected increase 
in pro?ts, referred to as ELP, in equation (4) can be reWritten 
as: 

purchased|S=not solicited)—c. (7) 

[0045] Furthermore, the eXpected increase, or lift, in prof 
its can be de?ned for a particular sub-population. That is, 
ELP can be de?ned as ELP(X=X) for all members that have 
features, or attributes, X=X, such that members With these 
features are solicited only if ELP(X=X)>0. Equation (7) can 
thus be reWritten as: 

p(B=purchased|S=not solicited, X=x —c. (8) 

[0046] A statistical model is constructed that encodes the 
probabilities of equation 

[0047] FIG. 2 is a diagram 200 that in the column 280 
shoWs an overvieW of the approach folloWed by the inven 
tion to identify and solicit the sub-population that maXimiZes 
the eXpected increase in pro?ts of equations (7) and The 
columns 282 and 284 of the diagram shoW the approach in 
more detail and the manner by Which the approach uses a 
population of data, respectively. The columns 282 and 284 
are described in more detail later in the detailed description. 

[0048] There are three phases identi?ed in the column 
280, a pre-modeling phase 202, a modeling phase 204, and 
an applying model phase 206. In the pre-modeling phase 
202, data is collected so that the fractions of equations (5) 
and (6) can be estimated. From this collected data, a decision 
theoretic model is constructed in the modeling phase 204 to 

maXimiZe the eXpected increase in pro?ts of equation The decision theoretic model can be a Bayesian netWork, a 

generaliZed linear model, a support vector machine, a rel 
evance vector machine, a decision tree, or another type of 
model. Finally, in the applying model phase 206, the deci 
sion theoretic model is used to identify the actual sub 
population of members to solicit, and these members are 
then solicited. 

[0049] The approach identi?ed by the column 280 can be 
used by advertisers to determine Which members to solicit to 
maXimiZe an eXpected increase in pro?ts. An advertiser can 
be any type of person, corporation, or other organiZation 
interested in having members purchase its items. An item 
can be any type of product or service. As has been described, 
a member can be any type of person, corporation, or other 
organiZation that may potentially purchase the items offered 
by the advertiser. 
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[0050] Pre-Modeling Phase 

[0051] In the column 282 of FIG. 2, the pre-modeling 
phase 202 is shoWn in more detail as 208, 210,212, and 214. 
In 208, the pre-modeling phase 202 starts With a population 
of data. This population is represented in the column 284 as 
the population 250. The population includes a number of 
members, and also attributes of the members, Which are 
referred to as features. For eXample, the features may 
include demographic information regarding the members, 
such as gender, occupation, income bracket, and other 
information. The purpose of the pre-modeling phase 202 is 
to obtain values for a sample of the population for the 
solicitation variable S and the purchase variable B. 

[0052] In 210, a random sub-population, or sample, is 
selected from the population. This sample is represented in 
the column 284 as the sample 252. The sample 252 is 
selected, as opposed to using the entire population 250, for 
ease of model construction and other purposes. In 212, the 
random sub-population is divided into non-solicitation and 
solicitation groups. This is represented in the column 284 as 
the groups 254 and 256, respectively. It is advisable in 212 
to ensure that the process by Which members of the sample 
252 are placed into the non-solicitation and the solicitation 
groups 254 and 256 does not depend on any of the features 
or other distinctions of the population. For eXample, the 
sub-population can be divided into the tWo groups 254 and 
256 randomly, With each group having roughly half of the 
members of the sample 252. 

[0053] In 214, a randomiZed experiment is conducted on 
the non-solicitation group 254 and the solicitation group 256 
to obtain values for the variables S and B for members of 
both groups. The result of the randomiZed experiment is a 
collection of data shoWn in the table 300 of FIG. 3. The 
column 302 identi?es the members 310 of the sample 
sub-population 252, including the members R=(rO, r1, . . . , 

rn), identi?ed as the members 304, 306, 308, respectively. 
Each of the members 310 has values for the features 318 and 
the solicitation and the purchased variables 320 and 322, as 
indicated in the columns 304, 306, and 308, respectively. 
The values of the features 318 and the solicitation and the 
purchased variables 320 and 322 for a given member 304, 
306, or 308, along With the given member itself, are referred 
to as a record Within the population of data. 

[0054] The features 318 are identi?ed as X=(X0, X1, . . . , 

Xn), identi?ed as the features 312, 314, 316, respectively. 
The feature 312 for a given member can have a value 
selected from {1, 2, 3}, Whereas the features 314 and 316 are 
binary features. That is, each of the features 314 and 316 can 
have a value selected from tWo different values {1, 2}. These 
features 312, 314, and 316 can correspond to different 
demographic information, for eXample. The feature 312 may 
correspond to occupation, Where a value of one indicates 
programmer, a value of tWo indicates laWyer, and a value of 
three indicates doctor. The feature 314 may correspond to 
gender, Where a value of one indicates male, and a value of 
tWo indicates female. The feature 316 may correspond to 
income bracket, Where a value of one indicates an annual 
income of less than $70,000, and a value of tWo indicates an 
annual income of greater than $70,000. 

[0055] The features 312, 314, and 316 are discrete fea 
tures, in that for a given member each can have a value 
selected from a discrete number of values. Alternatively, 
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features can be continuous features, Which for a given 
member can have a value Within a range of values. For 
example, the feature 316 has been described as correspond 
ing to income bracket, Where the feature 316 has one of tWo 
values for each member. Alternatively, the feature 316 may 
be a continuous income feature, having any value greater 
than Zero for each member. 

[0056] The member 304 has values 1,2, and 2 for the 
features 312, 314, and 316, as indicated in the boxes 324, 
326, and 328, respectively. For the solicitation and the 
purchased variables 320 and 322, the member 304 has 
values 0 and 1, as indicated in the boxes 330 and 332, 
respectively. The member 306 has values 3, 1, and 1 for the 
features 312, 314, and 316, as indicated in the boxes 334, 
336, and 338, respectively. For the solicitation and the 
purchased variables 320 and 322, the member 306 has the 
values 1 and 0, as indicated in the boxes 340 and 342, 
respectively. The member 308 has values 2, 2, and 1 for the 
features 312, 314, and 316, as indicated in the boxes 344, 
346, and 348, respectively. Finally, for the solicitation and 
the purchased variables 320 and 322, the member 308 has 
values 1 and 1, as indicated in the boxes 350 and 352, 
respectively. The values of the features for the members are 
initially in the data of the sample 252, Whereas the values for 
the solicitation and the purchased variables are collected by 
performing the randomiZed experiment in 214. 

[0057] An example of the randomiZed experiment per 
formed in 214 to obtain values for the solicitation and the 
purchased variables for the members of the sample sub 
population 252 is shoWn in the method 214 of FIG. 4. In 
400, the solicitation variable S is set to 1 for each member 
in the solicitation group, Whereas, in 402, the solicitation 
variable S is set to 0 for each member in the non-solicitation 
group. In 403, the members in the solicitation group are then 
solicited, Whereas the members in the non-solicitation group 
are not solicited. This is Why the members in the solicitation 
group are assigned a value of 1 for the solicitation variable 
S, and the members in the non-solicitation group are 
assigned a value of 0 for the solicitation variable S. In 404, 
several acts are performed for each member of both the 
solicitation and the non-solicitation groups. In 406, it is 
determined Whether a given member has made a purchase. 
If a purchase has not been made, then the purchase variable 
B is set to 0 for that member in 408. Conversely, if a 
purchase has been made, then the purchase variable B is set 
to 1 for that member in 410. 

[0058] Modeling Phase 
[0059] In the column 282 of FIG. 2, the modeling phase 
204 is shoWn in more detail as 216. In 216, a decision 
theoretic model knoWn as a decision tree is constructed, 
from the random sub-population selected in 210 and the data 
collected for this random-sub-population in 214. The ran 
dom sub-population selected in 210 is again represented in 
column 284 as the sample 252. The decision tree is con 
structed speci?cally to maximiZe pro?ts. More accurately, 
the decision tree is constructed speci?cally to maximiZe the 
expected increase in pro?ts. This is accomplished by ensur 
ing that there is a split on the solicitation variable S for every 
path from a root node of the decision tree to each leaf node. 
Apredetermined scoring criterion is used in constructing the 
decision tree. 

[0060] A split on a node means that one edge is folloWed 
for some values of the variable corresponding to the node, 
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and other edges are folloWed for other values of the variable. 
Where there are tWo edges extending from a node, it is said 
that there is a binary split at the node. As an example, a 
feature may correspond to a node and Which can have a 
value one or a value Zero. The split on the node may have 

a ?rst edge associated With the value one of the feature, and 
a second edge associated With the value tWo of the feature. 
When a member is evaluated against the decision tree, if it 
has the value one for the feature the ?rst edge is folloWed. 
OtherWise, the second edge is folloWed. This example node 
is said to split on the feature, because the values of the 
feature determine Which edge is folloWed from the node. A 
path is referred to as the collection of edges that are folloWed 
to reach a given leaf node from the root node. 

[0061] FIG. 5 is a diagram shoWing an example decision 
tree 500 that is used for explanatory purposes. The decision 
tree 500 has a root node 502, a number of internal nodes 504, 
506, 508, and 510, and a number of leaf nodes 512, 514, 516, 
518, 520, and 522. At the root node 502, there are tWo edges, 
a ?rst edge 524 to the internal node 504, and a second edge 
526 to the internal node 506. There is thus a binary split at 
the root node 502. There is also a binary split at the internal 
node 506, With a ?rst edge 532 to the internal node 508, and 
a second edge 534 to the internal node 510. At each of the 
internal nodes 504, 508, and 510, there is a binary split to a 
pair of leaf nodes. Speci?cally, at the internal node 504, 
there is a ?rst edge 528 to the leaf node 512, and a second 
edge 530 to the leaf node 514. At the internal node 508, there 
is a ?rst edge 536 to the leaf node 516, and a second edge 
538 to the leaf node 518. Similarly, at the internal node 510, 
there is a ?rst edge 540 to the leaf node 520, and a second 
edge 542 to the leaf node 522. 

[0062] If the example decision tree 500 is constructed in 
accordance With the invention, then there is a split on the 
solicitation variable S for every path from the root node 502 
to each of the leaf nodes 512, 514, 516, 518, 520, and 522. 
This ensures that the decision tree is constructed speci?cally 
to evaluate the expected lift in pro?ts, and consequently the 
total pro?t that results from using the tree 500. Having a split 
on the solicitation variable S for every path from the root 
node 502 to each leaf node is accomplished speci?cally in at 
least tWo Ways. First, there can be a ?rst split on the 
solicitation variable S on every path from the root node 502 
to each of the leaf nodes 512, 514, 516, 518, 520, and 522. 
This means that the root node 502 corresponds a split on the 
solicitation variable S. One of the edges 524 and 526 
corresponds to the solicitation variable S having a value of 
1, and the other of the edges 524 and 526 corresponds to the 
variable having a value of 0. 

[0063] Second, there can be a last split on the solicitation 
variable S on every path from the root node 502 to each of 
the leaf nodes 512, 514, 516, 518, 520, and 522. This means 
that the internal nodes 504, 508, and 510 each correspond to 
a split on to the solicitation variable S. With respect to the 
internal node 504, one of the edges 528 and 530 corresponds 
to the solicitation variable S having a value of 1, and the 
other of the edges 528 and 530 corresponds to the variable 
having a value of 0. With respect to the internal node 508, 
one of the edges 536 and 538 corresponds to the solicitation 
variable S having a value of 1, and the other of the edges 
corresponds to the variable having a value of 0. Likewise, 
With respect to the internal node 510, one of the edges 540 
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and 542 corresponds to the solicitation variable S having a 
value of 1, and the other of the edges corresponds to the 
variable having a value of 0. 

[0064] Constructing a Decision Tree With a First Split on 
the Solicitation Variable 

[0065] FIG. 6 is a ?oWchart of a method 216‘ that can be 
used as one embodiment in 216 of FIG. 2 to construct a 
decision tree With a ?rst split on the solicitation variable S. 
In 600, the decision tree is initialiZed With a ?rst split on the 
solicitation variable S. This means that the root node of the 
tree corresponds to the solicitation variable S. In 602, the 
remainder of the decision tree is constructed using a greedy 
approach. A greedy approach to constructing a decision tree 
is one in Which an initial tree is compared With the initial tree 
having a given split. If the tree With the given split is better 
according to a predetermined scoring criterion than the 
initial tree, then the tree With the given split is kept. 
OtherWise, the initial tree is compared With the initial tree 
having a different split. This process is repeated until the 
entire decision tree has been constructed. 

[0066] An eXample greedy approach is shoWn in the 
?oWchart of FIGS. 7A and 7B as the method 602. In 700, 
a current score is determined by using a predetermined 
scoring criterion against the decision tree. This criterion is 
speci?ed as the function score(decision tree, data), Where the 
data is the random sub-population 252 With Which data for 
the solicitation variable S and the purchase variable B have 
been collected previously in 214 of FIG. 2. In 702, a best 
score is set to the current score, and, in 704, a score change 
is set to negative in?nity. In 706, a current leaf is set to the 
?rst leaf in the tree. In the case of the decision tree having 
a ?rst split on the solicitation variable S, there Will be tWo 
leafs in the decision tree initially. The ?rst leaf originates 
from the edge corresponding to the variable S being Zero, 
and the second leaf from the edge corresponding to the 
variable S being one. 

[0067] In 708, all the possible splits at the current leaf are 
determined, eXcept for splits on the solicitation variable S. In 
710, a current split is set to the ?rst possible split determined 
in 708. In 712, an alternative decision tree is constructed as 
the decision tree With the current split, and an alternative 
score is determined in 714 using the predetermined scoring 
criterion. The alternative score is determined as the function 

score(alternative decision tree, data). If the alternative score 
is greater than the score change, then the method proceeds 
from 716 to 718, in Which the score change is set to the 
alternative score. In 720, a current decision tree is set to the 
alternative tree. The method 602 proceeds to 722 from 716 
if the alternative score is not greater than the score change, 
or from 720. 

[0068] If the current split is not the last possible split 
determined in 708, then the method 602 proceeds to 724 
from 722, in Which the current split is advanced to the neXt 
possible split, and the method 602 proceeds back to 712. 
OtherWise, the method 602 proceeds to 726. If the current 
leaf is not the last leaf of the current decision tree, then the 
method 602 proceeds to 728 from 726, in Which the current 
leaf is advanced to the neXt leaf, and the method 602 
proceeds back to 708. OtherWise, the method 602 proceeds 
to 730. If the score change is greater than the best score, then 
in 732 the decision tree is set to the current decision tree. In 
734, the current score is set to the score change, and the 
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method 602 proceeds to 736. The method 602 also proceeds 
to 736 from 730 if the score change is not greater than the 
best score. If the current score is greater than the best score, 
then the method 602 proceeds from 736 back to 702. 
OtherWise, the method 602 ends at 738, and the decision tree 
has been constructed. 

[0069] Pseudo-code for the method 602 can be Written as: 

GreedyDecisionTreeConstruction 
Input: Da®aset D, Sc®ring criterion Score@I,D) 
Output: Decision Tree Y 
Initialize T to be a single leaf node 
scoreBest :— —in?nity 
scoreTree := Score‘T,D’ 

While (scoreTree > scoreBest) 
{ 

scoreBest = @Tiee 

scoreBestChange — —in?nity 
for each l@L T 
{ 

for each possible solid at @ 

Let T’ be the r-sult of repl-cfng L With the@ 
if Score®scoreBestChange 
{ 

scoreBestChange — scoreBest 

@T@- =@ 

} 

if scoreBestChange , scoreBest 

T — Tbest 

ScoreTree = scoreBestChange 

} 
} 
End 

@ indicates text missing or illegible When ?led 

[0070] It is noted that the initialiZation performed in the 
pseudo-code is not a single leaf node, as in the method 602, 
but rather a tree consisting of a split on that 

[0071] Constructing a Decision Tree With a Last Split on 
the Solicitation Variable 

[0072] FIG. 8 is a ?oWchart shoWing a method 216“ that 
can be used as one embodiment in 216 of FIG. 2 to construct 
a decision tree With a last split on the solicitation variable S. 
In 800, the decision tree is initialiZed as a single node, Which 
is both the only leaf node and the only root node of the 
decision tree. The node can correspond to any feature or 
variable eXcept for the solicitation variable S. The method 
216“ proceeds from 800 to 602‘, Where the tree is con 
structed using a greedy approach, such as similar to that 
Which has been described as the method 602 of FIGS. 7A 
and 7B. The difference is that the greedy approach of 602‘ 
employs a scoring criterion that evaluates each tree as if it 
contained a split on the solicitation variable S on each leaf 
node. 

[0073] An eXample of hoW the greedy approach of 602‘ is 
performed is shoWn in the diagram 900 of FIG. 9. The 
partially constructed tree 902 is being evaluated by the 
greedy approach of 602‘. The tree 902 has a root node 904 
having a binary split on the feature X0. Edges 906 and 908 
eXtend from the root node 904. The edge 906 leads to the 
leaf node 910, Whereas the edge 908 leads to the leaf node 
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912. As indicated by the arrow 914, the greedy approach of 
602‘ employs the method 602 to evaluate the tree 902 by 
actually having the scoring criterion of the method 602 
evaluate the tree 902‘. The partially constructed tree 902‘ is 
the tree 902 With a split on the solicitation variable S at each 
leaf node. The leaf node 910 of the tree 902 becomes the 
internal node 910‘ in the tree 902‘, having a binary split on 
the solicitation variable S. TWo edges extend from the node 
910‘ as a result, a ?rst edge 916 leading to a neW leaf node 
920, and a second edge 918 leading to another neW leaf node 
922. Likewise, the leaf node 912 of the tree 902 becomes the 
internal node 912‘ in the tree 902‘, having a binary split on 
the solicitation variable S. TWo edges extend from the node 
912‘, a ?rst edge 924 leading to a neW leaf node 928, and a 
second edge 926 leading to another neW leaf node 930. 

[0074] Referring back to FIG. 8, When 602‘ is ?nished, the 
resulting decision tree is complete, except that there is no 
split on the solicitation variable S. Therefore, in 802, a split 
is performed at each leaf node of the decision tree on the 
solicitation variable S, to explicitly add the last splits on the 
solicitation variable S. The ?nal decision tree that results 
then has a last split on the solicitation variable S. 

[0075] Scoring Criteria 

[0076] At least four different scoring criteria can be used 
as the predetermined scoring criterion When constructing the 
decision tree. The ?rst scoring criterion is referred to as a 
holdout criterion. For this criterion, the sub-population 252 
and the collected data for the variables S and B are parti 
tioned into tWo neW groups: a construction group, and an 
evaluation group. The construction group is actually used to 
construct the decision tree, such as by using the greedy 
approach of the method 602 of FIGS. 7A and 7B. Con 
versely, the evaluation group is used only to evaluate the 
decision tree. Where the scoring criterion is Written as a 
function score (decision tree, data), the data used in this case 
is the evaluation group only. In particular, the expected 
increase in pro?ts is determined for each record in the 
evaluation group. If the expected increase for a given record 
is positive, it is added to the score. OtherWise, nothing is 
added to the score for the record. Therefore, the score When 
using the holdout criterion is: 

score = Z ELP(r) > O (9) 
re eval group 

[0077] The second scoring criterion is referred to as a 
cross-validation holdout criterion. The cross-validation 
holdout criterion is the same as the holdout criterion, but the 
average score for multiple groups of the sub-population is 
used. The sub-population 252 is partitioned into a number of 
equally siZed groups. One group is assigned as the evalua 
tion group, and the remaining groups are assigned as the 
construction group. The score for this evaluation group is 
then determined. The process is repeated so that each group 
has an opportunity to be the evaluation group. The average 
score for all the different evaluation groups is then deter 
mined and is used as the score of the decision tree. 

[0078] The third scoring criterion is referred to as a 
marginal likelihood criterion. The marginal likelihood is a 
knoWn data quality, or attribute, and is the ordinary likeli 
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hood as a function of the data and the model averaged over 
parameters With respect to a prior distribution. This criterion 
is proportional to the condition probability p(decision tree/ 
data), Where the data is the sub-population 252. The criterion 
evaluates hoW probable the independence assumptions of 
the structure of the decision tree are given the data. 

[0079] The fourth scoring criterion is referred to as an 
adjusted marginal likelihood criterion, Which is based on the 
marginal likelihood criterion. The difference With the 
adjusted marginal likelihood criterion is that the marginal 
likelihood score for a corresponding decision tree is sub 
tracted from the marginal likelihood score for the decision 
tree as determined using the marginal likelihood criterion. 
The corresponding decision tree is the decision tree Without 
the purchased variable B. The adjusted marginal likelihood 
criterion overcomes strong correlations that may exist 
betWeen the solicitation variable S and the purchased vari 
able B. 

[0080] Applying Model Phase 

[0081] In the column 282 of FIG. 2, the applying model 
phase 206 is shoWn in more detail as 218 and 220. In 218, 
the sub-populations to solicit are identi?ed using the deci 
sion tree constructed in 216. These sub-populations are the 
groups 258 of those members of the population 250 that 
should be solicited to increase expected pro?ts. The features 
of each member of the populations 252 are denoted by the 
set X, and are used to proceed through the decision tree 
constructed in 216 to extract the tWo probabilities necessary 
to evaluate the expected increase, or lift, in pro?ts. 

[0082] The expected lift in pro?ts, ELP(X), is determined 
by using equation (8), Which is repeated here for explanatory 
clarity: 

ELP(X=x)=s><p(B=purchased|S=solicited, X=x —rx 
p(B=purchased|S=not solicited, X=x —c. (8) 

[0083] As indicated in equation (8), ELP(X) is a function 
of tWo probabilities, 

p(B=purchased|S=solicited, X=x) 
and 

p(B=purchased|S=not solicited, X=x) 

[0084] These probabilities are extracted directly from the 
leaf nodes of the decision tree constructed in 216. If the 
expected lift in pro?ts When soliciting a member is greater 
than Zero, then the member is added to the group 258 of 
members that should be solicited. Once all the members 
have been processed through the decision tree, the resulting 
group 258 is solicited in 220. The solicitation can be by mail, 
phone call, e-mail, or another type of solicitation. 

[0085] An example decision tree constructed in 216, and 
Which can be used in 218 to identify the group 258 to solicit, 
is shoWn in the diagram of FIG. 10. The decision tree 1000 
of FIG. 10 is speci?cally for a decision tree based on the 
collection of data shoWn in the table 300 of FIG. 3. The 
decision tree 1000 is a tree having last splits on the solici 
tation variable S, such that the probabilities needed to 
determine the expected lift in pro?ts for each member reside 
in a pair of leaf nodes of the tree 100. 

[0086] More speci?cally, the decision tree 1000 has leaf 
nodes 1012,1014,1016, 10181020, and 1022 that provide 
probabilities conditional on the purchase variable B. The 
decision tree 1000 has a root node 1002 that splits based on 








