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This paper studies the pricing strategies for personalized product bundles. In such problems, a seller provides
a variety of products for which customers can construct a personalized bundle and send a request for quote

(RFQ) to the seller. The seller, after reviewing the RFQ, has to determine a price based on which the customer
either purchases the whole bundle or nothing. Such problems are faced by many companies in practice, and they
are very difficult because of the potential unlimited possible configurations of the bundle and the correlations
among the individual products. In this paper, we propose a novel top-down and bottom-up approach to solve
this problem. In the top-down step, we decompose the bundle into each component and calibrate a value score
for each component. In the bottom-up step, we aggregate the components back to the bundle, define important
features of the bundle, and segment different RFQs by those bundle features as well as customer attributes.
Then we estimate a utility function for each segment based on historical sales data and derive an optimal
price for each incoming RFQ. We show that such a model overcomes the aforementioned difficulties and can
be implemented efficiently. We test our approach using empirical data from a major information technology
service provider and the test result shows that the proposed approach can improve the effectiveness of pricing
significantly.
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1. Introduction
In this paper, we consider pricing strategies for per-
sonalized product bundles with distinctive configura-
tions. This research is motivated by a practical problem
faced by a leading information technology (IT) ser-
vice provider. In this problem, a seller provides a large
number of different products to its customers. Each
customer, after reviewing the products the seller pro-
vides, constructs a personalized bundle of products
according to her need,1 and submits a request for quote
(RFQ) to the seller. The seller, after receiving the RFQ,
has to offer the customer a price for the bundle of prod-
ucts she requests. The customer then decides whether
to purchase the entire bundle at the seller’s price.

The above process exists in many of today’s busi-
ness settings. For example, when an IT company (e.g.,
Google) purchases a variety of computers and servers
from a hardware company (e.g., Dell), or a construc-
tion company (e.g., Emerson Construction Company)

1 To reduce confusion, in this paper, we use she or her to refer to the
customer, and he or his to refer to the seller.

purchases a fleet of construction vehicles and equip-
ment from a manufacturer (e.g., Caterpillar), an RFQ
process could take place.2 From the seller’s point of
view, designing a pricing solution for such a process
is extremely important because the company’s rev-
enue and profit hinge on the success of the pricing
mechanism.

In the company that motivated our research, the
pricing decisions were made by humans before this
study. That is, the company employs a group of
professionals (called pricers), who review incoming
RFQs and decide the prices based on their experiences
and some business guidelines. However, with the
fast development of information technology accom-
panied by the growing number of quantitative tools
for analyzing data, such methods are often ineffec-
tive. Indeed, it is extremely difficult for a human to
process large sets of data to obtain useful information

2 In practice, there are other purchase (or procurement) formats,
such as negotiation or auctions. In this paper, we focus on the RFQ
process.
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or to compute an optimal price quantitatively. Thus
the traditional method is very inefficient, especially
when considering the overhead incurred in hiring the
pricers to perform this task.

In this paper, we propose a new approach to
achieve the pricing task for personalized product bun-
dles when abundant historical sales data are available.
We develop a procedure that utilizes and analyzes
historical data, and finally outputs an optimal price for
each incoming RFQ. Our procedure takes into account
useful characteristics of each RFQ, predicts the behav-
ior of each customer, and can be fully automated by
computers. We show using actual business data that
our approach indeed helps companies increase rev-
enue and profit in a significant manner.

Compared to the extensive literature on customized
pricing, the problem we study is unique. In the
traditional customized pricing literature, the focus
is typically on pricing for different customer seg-
ments for a generic product or a set of products, in
which customer segmentation is mainly based on cus-
tomer characteristics and/or the product the customer
chooses (among a few alternatives). In our problem,
the seller faces bid requests of distinctive configura-
tions, and literally there could be an infinite num-
ber of possible configurations for a bundle. Therefore,
we have to first figure out how to segment incoming
RFQs based on the bundle configurations, which is a
unique task in our setting. To make things more diffi-
cult, in our problem, different components in a bundle
may correlate in certain ways, e.g., some of them may
be complementary (or substitutable) to each other,
which creates a further hurdle for estimating the cus-
tomer valuation for each configuration. Finally, as
most customer’s configurations have never been seen
before, it is not viable to compute the optimal prices
for each bundle offline. Instead, all the pricing deci-
sions have to be made in an online fashion. However,
the decisions have to be made fast because customers
frequently demand a prompt response from the seller.

To address these difficulties, we propose a novel
two-step method to estimate the customer’s purchase
behavior toward personalized bundles. The method
consists of a top-down step and a bottom-up step. In
the top-down step, we fully decompose the bundle
to each single component, group them based on the
similarity of component features, and evaluate their
intrinsic values by giving each component a “value
score.” To carry out this step, we adapt the regres-
sion tree model in the statistical learning literature to
iteratively perform the analysis and group the compo-
nents. Then in the bottom-up step, we aggregate the
component value scores back to the bundle level, cre-
ating several useful bundle characteristics. Then we
segment the RFQs based on the bundle and customer
characteristics. Within each segment, we estimate a

unique utility function for each RFQ using available
historical data. Finally, we adopt a logit choice model
to translate the utility function into a purchase prob-
ability and compute the optimal bundle price.

The proposed approach has several advantages.
First, by performing the top-down step and comput-
ing the component value scores, the method captures
the intrinsic value of each component, which is the
foundation for estimating the bundle value. Second,
by utilizing the component value scores, we define
some characteristics for the bundle. These character-
istics reveal important features of a bundle, including
possible interactions between different components.
Combining these characteristics with customer infor-
mation, we could segment the incoming RFQs and
apply customized pricing for each segment. Lastly,
the proposed approach can be accomplished effi-
ciently in practice. In particular, the top-down step
can be done offline (with occasional updates) and the
bottom-up step can be carried out in real time imme-
diately after receiving each RFQ, and an optimal price
can be computed instantly. The inputs required for
our approach are historical RFQ data including both
win and loss cases, which we believe are available in
many large companies. Therefore, the proposed strat-
egy can be easily implemented in practice.

In this paper, we demonstrate the strength of our
proposed approach using real-world data from the
company that motivated our research. In actual imple-
mentations, we use both historical data and those
obtained from the operational use of the method.
The results show significant improvement of revenue
and profit after adopting the new pricing approach.
Therefore, we believe the proposed method is promis-
ing for helping companies that face similar problems
improve their pricing efficiency in the era of big data.

1.1. Literature Review
There are two streams of literature that are related
to our work: the literature on bundle pricing and the
literature on customized pricing. In this section, we
review the relevant works and position our work in
the literature.

Bundling, the strategy of selling products in partic-
ular combinations, has long been a focus of research
interest in the economics, marketing, and opera-
tions management communities. Broadly speaking,
there are two types of bundling strategies: seller-
determined bundles and customer-designed bundles
(personalized bundles). Most of the prior literature
studies the seller-determined bundles. We refer to
Venkatesh and Mahajan (2009) and Hanson and Mar-
tin (1990) for comprehensive reviews on the litera-
ture of seller-determined bundles. There are two main
decisions in such a scheme: (1) what bundles to offer
and (2) how to price the bundles and the individual
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products. To analyze such decisions, the main issues
to consider are the nature of the heterogeneity in
consumers’ valuations of products, the correlation of
component valuations, the degree of complementarity
or substitutability of products, etc. Compared to these
works, we consider a setting where the bundle is
determined by the customer, and the customer’s val-
uation of each product (and the correlation between
these valuations) is unknown to the seller. Therefore,
our problem is different and in some sense more chal-
lenging than those studied in this literature.

On the personalized bundle side, the literature is
relatively scarce. In Hitt and Chen (2005), the authors
propose a pricing scheme in which the customers may
select a fixed number of goods for a certain fixed
price. They name such a scheme “customized bundle
pricing” and study the properties of such a pricing
scheme and compare it to other traditional bundling
schemes. However, in their setting, the price is not
really personalized to each bundle configuration, and
the main theme is still bundle design rather than
customized pricing. Several subsequent works take a
similar approach, e.g., Wu et al. (2008), Jiang et al.
(2011), Basu and Vitharana (2011). In contrast, in our
setting, instead of listing the price for each combi-
nation, the seller sets the price after reviewing the
requested bundle from the customer. And the price
should utilize the information revealed from the cus-
tomer’s request, including both bundle characteristics
and customer’s attributes. In addition, our problem is
purely data driven and does not assume any particu-
lar valuation structure of the customers. Such features
distinguish our problem from those in this literature.

Our work is also closely related to the literature
of customized pricing. For comprehensive reviews of
this literature, we refer the readers to Phillips (2005),
Bodea and Ferguson (2014), and Murthi and Sarkar
(2003). In the customized pricing literature, the focus
is mainly on pricing for different customer segments
for a generic product (or a small set of products).
The key in such problems is to find the right seg-
mentation of the customers and to determine the
price sensitivities in each segment. For example, air-
lines or hotels segment customers based on the time
of purchase and the preference among different cab-
ins or different types of rooms, among many other
characteristics. Then based on these characteristics,
different customers are offered with different prices.
Similar pricing strategies are widely adopted in B2B
settings, in which customers are segmented based on
whether they are large or small customers, whether
they are existing or new customers, etc. In a high
level, our work shares a similar spirit with this liter-
ature: We also segment the customers and offer them
customized prices. However, the way we perform the
segmentation is unique. Instead of focusing on the

customer characteristics, we segment mainly based
on the configuration of the bundle requested by the
customer. In our case, there are literally an infinite
number of possible configurations a customer could
request, therefore, how to find a proper segmentation
is nontrivial. Moreover, within each segment, there
are still many possible bundle configurations, and
how to estimate the customer’s valuations on differ-
ent bundles also presents a challenging task.

There have been some studies of customized pric-
ing in a bundle context. Such studies often originate
from the travel industries, where airlines or hotels
respond to travelers who request multidestination
itineraries or multiday stays in a hotel. A review of
these literature can be found in Talluri and van Ryzin
(2004). Two main methods have been studied in the
literature. One is called the bid-price strategy, in
which a bid price is computed for each resource and
the price of a bundle is simply set to be the sum of
the bid prices of the components involved, see, e.g.,
Talluri and van Ryzin (1998). The other method for-
mulates the problem as a dynamic program and uses
the solution to determine the control method, see,
e.g., Bertsimas and Popescu (2003). However, there
are two main differences between those two methods
and the problem we study. First, in those studies, the
arrival rates of each type of customers (with certain
requests) are assumed to be known, and the analy-
ses are based on that information. However, in our
work, no distributional information about the request
types are known, thus those results are not applica-
ble in our setting. Second, both the bid-price control
and the dynamic programming control are still locally
linear controls (meaning the price for a bundle is the
sum of prices for each component, given the bundle
size is small). Such control methods do not explicitly
take into account the possible interactions (e.g., com-
plementarity or substitutability) of the components
that exist in our application. Therefore, our research
is quite different from theirs.

1.2. Organization of the Paper
The rest of the paper is organized as follows: In §2,
we propose a general framework to deal with the
personalized bundle pricing problem. In §3, we cus-
tomize our framework to a concrete example. In §4,
we demonstrate the strength of our approach using
an empirical study from a major IT company, and the
financial impact of our method is assessed. Section 5
summarizes our main results.

2. Estimation Framework
We consider a seller who offers I components from
his product line. We index the components by i ∈

I = 811 0 0 0 1 I9. By the nature of the components, we
can classify them into one of M product families,
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I11 0 0 0 1IM and each component i belongs to a cer-
tain product family Im. For example, a typical IT
company can classify its products into hardware, soft-
ware, maintenance, etc. Sometimes the components
can be grouped to even more detailed product fami-
lies based on their functionality.

Besides belonging to a certain product family, each
component i is endowed with some attributes, which
we denote by a vector ai = 4ai11 ai21 0 0 0 1 aiK5. These
attributes are intrinsic to the component and are
viewed as known parameters in our study. For exam-
ple, the attributes could include the cost, list price,
certain level of delegation prices,3 etc. In particu-
lar, those attributes could take continuous or discrete
(or binary) values.

In our model, customers make purchases through
the RFQ process. In such a process, the customers
can submit to the seller an RFQ for a bundle of
components. Any nonnegative integer quantity of
each component is allowed in a bundle. Mathemati-
cally, a request of a customer can be specified by an
I-dimensional vector

d= 4d11 0 0 0 1 dI 51

where di ≥ 01di ∈ � denotes the amount of compo-
nent i this customer is interested in purchasing.

For each RFQ from a customer, there is customer
type information z associated with it, where z ∈ Z.
Here we assume Z contains all the relevant customer
information, such as region, channel, industry sector,
loyalty, purchase history, etc.

After receiving each RFQ, the seller must provide a
quoted price to the customer for her requested bun-
dle. The customer, after receiving the quoted price,
can decide either to make the purchase of the whole
bundle she requested or leave the system without
purchasing. We assume the customer who decides not
to purchase will not come back to the system and
we do not allow partially accepting an order. Also,
we assume that there are sufficient supplies for each
component, so inventory is not a consideration in our
model.

Assume the seller has J historical RFQ data in his
database indexed by j . In each historical sales data j ,
we have the following information:

• The corresponding customer type information zj .
• The RFQ specification dj = 4d1j1 0 0 0 01 dIj5.
• The quoted price pj .
• The customer’s response to RFQ j : �j ∈ 80119.

That is, whether she purchased or not at price pj .
Our objective is to use the historical data to cali-

brate a model to characterize the purchase behaviors

3 A delegation price is a price that the firm expects to sell under
certain market conditions.

of the customers and develop a pricing tool for this
process.

To this end, we will establish a utility model for any
bundle configuration, customer attribute, and quoted
price. That is, we will establish a utility function:

u4d1z1 p51 (1)

where d is the bundle configuration, z ∈Z is the cus-
tomer type, and p is the quoted price. With such a
utility function, we use a discrete choice model, e.g.,
the logit model, to estimate the purchase probability
of an RFQ:

q4d1z1 p5=
exp4u4d1z1 p55

1 + exp4u4d1z1 p55
0 (2)

Then we can choose an optimal price p to maximize
the expected profit (or revenue) of the seller:

max
p

4p− c4d55 · q4d1z1 p51 (3)

where c4d5 is the cost to fulfill an order d. It is easy to
see that given the form of q4d1z1 p5, the above opti-
mization problem is a single variable one and thus
can be solved efficiently (we refer to Phillips 2005 for
discussions of such optimization problems). There-
fore, the key in this process is how to make use of
the historical data to calibrate a proper utility func-
tion u4d1z1 p5. In the traditional customized pricing
literature, there are many works that estimate a util-
ity function for a fixed product given customer infor-
mation z and price p. Those works typically use the
customer information to divide the customers into
different segments and calculate a unique utility func-
tion for each segment. Compared to the prior litera-
ture, the difficulty in our problem lies in how to incor-
porate the bundle configuration information d into
the utility function. Intuitively, there are two roles that
d could play in the utility function:

1. The bundle configuration d directly affects
the customer’s valuation of the bundle, because it
changes the actual products included in the bundle.

2. The bundle configuration d may reveal impor-
tant type information of the corresponding customer,
therefore, providing important references for segmen-
tation.

A proper utility function should capture both
effects. In the following subsections, we propose an
approach to achieve this goal.

2.1. Estimating the Utility Function:
A Bottom-Up Step

In this section, we discuss how to estimate a utility
function for each RFQ. As mentioned earlier, this is
the key step toward estimating the purchase probabil-
ity for each RFQ and further computing the optimal
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price. Remember, in each RFQ, we have the following
information:

• The bundle configuration d.
• The attribute of the customer z ∈Z.

As we said in the end of last section, the main chal-
lenge in designing a proper utility function lies in
incorporating the two roles that the bundle configura-
tion d can play in the utility function. To capture the
two roles, we start with the following utility function:

ũ4d1z1p5= �d1z
0 +�d1zh4d1 a5−�d1zp1 (4)

where h4·1 ·5 is a real-valued function, capturing the
“value” of the bundle, a is the attribute vector of all
components, i.e., a = 4a11 0 0 0 1aI5. Note that in (4), d
plays the two roles as suggested in the end of last
section:

1. It directly affects the customer’s valuation of the
bundle. This is through the term h4d1a5. In particu-
lar, different composition of the bundle will lead to
different value h4d1a5 of the bundle, because of the
different components included in a bundle.

2. It reveals the characteristics of the customer by
affecting the coefficients in the utility function, includ-
ing the price sensitivity coefficient. This is through the
coefficient terms �d1z

0 , �d1z and �d1z.
Now the question seems to be how to choose a

proper h4d1a5 as well as to calculate the coefficients
in (4). However, there is one hurdle that prevents us
from applying such a model. In practice, the num-
ber of components a seller offers is often large, thus
the number of possible bundle configurations is often
huge, if not infinite. As a result, for most of the bun-
dle configurations, there are either no historical data
or the data are very scarce. Therefore, directly calibrat-
ing a model as in (4) is unrealistic and could lead to
a very noisy result. To solve this issue, we need to
apply some level of aggregation: Instead of using the
bundle configuration vector d to capture the bundle
characteristics, we choose some aggregate information
regarding d to perform such tasks. In this way, we can
maintain the two roles d plays in the utility function
while keeping the model realistic and tractable.

In our approach, we define some aggregate bun-
dle features, b = 8b11 0 0 0 1bL9 and use these aggre-
gate bundle features in the utility function. Obviously,
these bundle features depend on the bundle config-
uration d. In the meantime, these features also often
depend on the attributes of the components included
in the bundle. For example, one bundle feature could
be the bundle total cost, or it could be the proportion
(based on costs) of a certain family of components in
the bundle. In either case, the bundle feature depends
on both d and a. Therefore, we write the aggregate
features as bl = bl4d1a5. And the utility function can
be rewritten as follows:

u4b1z1p5= �b1z
0 +

L
∑

l=1

�b1z
l bl4d1a5−�b1zp0 (5)

In practice, choosing which bundle features to con-
sider often requires deep thoughts, personal experi-
ences, and numerical tests. We will give a concrete
example in §3.

Finally, we want to calibrate the coefficients in the
utility function (5). Even with the aggregate bundle
features, it is still not realistic to have one set of coef-
ficients for each combination of values of b11 0 0 0 1 bL.
Therefore, we choose to implement a segmentation
model. That is, we first segment the RFQs using a
hierarchical segmentation tree, in which each level of
the tree is segmented by using either a customer infor-
mation z or a bundle feature bl. Then for each leaf in
the segmentation tree, we have a unique set of coef-
ficients thus a unique utility function. In practice, the
hierarchical segmentation can be performed automat-
ically by software, or manually based on experiences
of a manager, or a combination thereof. A concrete
example of such a segmentation model will be shown
in §3.

To summarize, in the bottom-up step, we
• choose a set of bundle features b = 8b11 0 0 0 1bL9

that are used to identify important bundle character-
istics, and

• use b together with z to segment incoming RFQs
according to bundle and customer characteristics by
means of a hierarchical tree.

As a result, we will have a unique utility function
u4b1z1p5 for each segment of customers. To estimate
the coefficients in each of those unique utility func-
tions, we can use historical data d1z1 p1� to perform
a logistic regression. Then, when a new RFQ comes
in, we can parse it to find the right segment it belongs
to and use the corresponding utility function to calcu-
late the utility and purchase probability at any given
price.

2.2. Computing the Component Value Scores:
A Top-Down Step

In the last subsection, we proposed a framework to
estimate the utility function for each RFQ, which in
principle could constitute, in itself, the main engine
of our analysis and can be applied on its own. How-
ever, there is often an extra step that can be taken in
practice to make the framework work even better. As
one can see, one important step in the above proce-
dure is to define some aggregate features for a bundle,
which depend on the bundle configuration and the
attributes of each component. However, sometimes,
the information contained in the component attribute
vector a may not provide sufficient information for
directly calculating the bundle features. In particular,
and often the case, the component attribute vector a
contains rather raw information of a component, such
as the cost, list price, release date, etc. Although this
information is useful and forms the basis for esti-
mating certain features of the component, it does not
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provide a direct measure for perhaps the most impor-
tant information about a component: how a customer
values the component. Apparently, such a measure
is very important in estimating the utility of a bun-
dle that involves the component. In this section, we
propose a method to compute such a measure, which
we will refer to as the value score of the component.
As we later show in empirical tests, computing the
component value scores and using them in our esti-
mation framework are essential to achieve a good
performance.

At first glance, estimating the value of each com-
ponent is not hard. An intuitive thought might be to
define a value variable for each component and per-
form a regression using them as independent vari-
ables and the quoted prices in each historical data
as dependent variables, i.e., each row of the regres-
sion corresponds to a requested bundle in the past
data, with the quoted price being the dependent vari-
able, and the component values being the indepen-
dent variables. However, this method is infeasible in
practice, because the data on each individual compo-
nent may be very sparse: In many applications where
the number of different components is large, it is
likely that many components have not appeared or
only appeared a few times in the data. If we per-
form the above regression, the result would be very
noisy. Because of the above issue, we need to perform
some level of aggregation. Instead of using the value
of each component as independent variables, we com-
pute a value score for each component as a function
of its attributes, such as cost, list price, etc. However,
for different types of components, the way a compo-
nent’s perceived value, thus its value score, depends
on its attributes may be very different. We illustrate
this point using an example of IT products:

• For most hardware components, the component
cost provides a meaningful reference point for its
value or at least should take a decent weight when
estimating its value. Other attributes such as the list
price may play a less dominant role.

• For software components, the variable cost is
typically 0 or very close to 0. Therefore, the variable
cost is not useful when assessing the component’s
value. Other attributes may play a more important
role.

Even within the same product family, the perceived
values of the components may be very different. For
example, some newly released high-end components
may have perceived values close to their list prices,
which could be much higher than their costs; whereas
some outdated low-end components may have per-
ceived values close to their costs, which are well
below their list prices. Therefore, finding a good way
to calculate the component value scores presents a
nontrivial task.

To handle this task, we adopt the regression tree
model in statistical learning. In a regression tree
model, a tree structure is built to classify the data
(in our case, the components), and in each leaf of the
tree, a regression model is constructed to predict a tar-
get value based on the attributes of the data. The idea
of the regression tree was first proposed by Karalic
(1992) and Quinlan (1992) and was further developed
in many subsequent works. We refer to Loh (2011) for
a recent review of this subject. In our approach, we
adopt this method to estimate the value for each com-
ponent and compute the value scores.4 For the ease
of notation, we call the regression tree in our context
the valuation-regression tree (VRT). A sample VRT with
different types of IT components is shown in Figure 1.

In Figure 1, each leaf corresponds to a class of com-
ponents. In our VRT model, for each leaf, we use a
regression model to obtain a fit for the component
value scores as a function of its attributes a. Specif-
ically, the component value score (denoted by vi) in
each leaf can be represented by

vi = f 4ai11 0 0 0 1 aiK50 (6)

Here the function f often involves several coefficients
that need to be determined through a regression anal-
ysis (such as through the least squares method) using
data that belong to that leaf. Note that in such regres-
sion analysis, the independent variables are simply
the attributes a of each component, however, the
dependent variables v’s are typically not well spec-
ified in the data set. For our regression model to
work, we use the following ways to get the dependent
variables:

• In the case that there are historical data for selling
the single component, we use the sold price as the
dependent variable.

• If there are not sufficient historical sales data
for the single component, then we consider all the
bundles containing that component and define some
approximate value for each component. For example,
one can decompose the sold price of bigger bundles
into each component according to weights such as
cost or delegation prices, and use decomposed com-
ponent price as dependent variables. One concrete
case of such an approach is exemplified in §3.1.2.

Note that in the above described procedure, it is
possible that some component appears multiple times
in the data, and the dependent variable is different
for each case. In the corresponding regression model,

4 It is worth noting that such regression trees have been used to
construct consumer segmentations in the pricing literature. In those
cases, the segmentation is based on customer attributes and the
goal is to fit a response function. In our case, the segmentation is
based on component attributes and the goal is to fit the component
value scores.
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Figure 1 (Color online) Sample Valuation-Regression Tree
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we will have multiple rows that have the same inde-
pendent variables but different dependent variables.
Then the regression model can be viewed as to find
a set of parameters that give the most “consistent”
prediction for those historical data.5

Finally, in order to build the VRT, we implement a
recursive procedure. In the following, we use R̄2 to
denote the adjusted R2 of a regression analysis. It is
defined as R̄2 =R2 − 41−R254�/4n−�− 155, where n is
the number of samples, � is the number of indepen-
dent variables, and R2 is the regular R-squared value
of the regression. A review of R̄2 is referred to in Theil
(1958). The procedure to build the VRT is given as
follows:

1. Start from the entire set of components. Let
S=I.

2. Run a regression (6) on S using the independent
and dependent variables suggested in the above dis-
cussion. Compute the R̄2 of the regression model.

3. Divide S according to a classification of the
components based on an unexploited attribute k ∈

811 0 0 0 1K9 into several subclasses S11 0 0 0 1St . Do
regressions and compute the R̄2 for each subclass St .
Choose a classification (based on a certain attribute)
that will result in the highest average R̄2 among the
subclasses.

4. If the average R̄2 is higher than the R̄2 obtained
at node S (i.e., the R̄2 obtained at step 2), then apply
the classification S11 0 0 0 1St and go back to step 2
with S equals to each of the St’s, respectively.

5. Otherwise, stop and output S as a leaf node
with the regression model specified in step 2.

5 This idea of using historical data to fit a more smooth prediction
model is somewhat similar to the concept of expert systems. We
refer the readers to Bowman (1963) for a review on this subject.

In this procedure, we use the adjusted R2 instead of
the plain R2 because we want to compensate for the
number of samples in each data set. It is well known
that a small sample size may lead to the problem of
overfitting, and the adjusted R2 can balance the num-
ber of data in each subclass and the residual errors.

After the VRT is built, we can obtain a value score
for each component: We first go down the tree accord-
ing to its attribute. Then at the leaf level, we plug
in the corresponding regression model. The resulting
value will be the corresponding value score for that
component. Finally, we note that this process can be
done off line, therefore computational time is not a
constraint for this step.

To summarize, the top-down step consists of build-
ing a tree to classify each component (this is in con-
trast to the tree built in the bottom-up step, which
is used to segment the RFQs), and computes a value
score for each component. Ultimately, these value
scores will be used in the utility function in the
bottom-up step together with the bundle configura-
tion d and the component attributes a.

2.3. Implementing Our Approach
To implement our approach in practice, one first uses
the historical data to establish the VRT, and computes
the value score for each component (the top-down
step). Then with the value scores, one constructs the
bundle features and uses them to segment the incom-
ing bundles and estimate a utility function for each
segment (the bottom-up step). All of these can be
done offline (with occasional updates). Finally, when
an RFQ arrives in practice, one first determines the
corresponding segment it belongs to, and then com-
putes the optimal price in (3) using the correspond-
ing utility function. In the next section, we use an
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industrial application example to demonstrate how to
apply the above steps in a concrete case.

3. An Industrial Application
In this section, we customize the general framework
to a specific industrial application. The goal is to illus-
trate how each step in §2 can be carried out in a con-
crete case. Consider a major IT service provider who
offers complicated systems composed of hardware
and software. Among the products offered, each com-
ponent either belongs to a server system or a storage
system. The former offers large-scale computational
capability for commercial and scientific solutions, and
the latter installs and processes the data as a data
hub. Thus, the component set I can be divided into
two main product families: R (server components)
and T (storage components). Furthermore, the server
components could be further classified into R1 (high-
end server), R2 (middle-end server), R3 (low-end
server), etc. Similarly, the storage components could
be further categorized by T1 (high-end storage), T2
(middle-end storage), T3 (low-end storage), etc. Here,
the notations of Rs and Ts are just specific instances
of the general notations of Im. We also use H and S
to denote hardware and software, which are the two
commodity types among the components. A typical
structure of a bundle in this application is shown in
Figure 2. Note that in this application, because of the
large number of components offered, the configura-
tion of each personalized bundle is typically unique.

Figure 2 (Color online) A Sample of Personalized Bundles

Personalized
bundle

Server hardware Server software Storage hardware Storage software

Component 1
hardware +

maintenance

Component 2
hardware

Component 5
hardware +

maintenance

Component 6
hardware

Component 3
software

Component 4
software
(upgrade)

Component 8
software

Component 7
hardware

Recall we use dij to denote the amount of compo-
nent i in bundle j . We call a bundle a pure hard-
ware one if

∑

i∈S dij = 0 and a pure software one if
∑

i∈H dij = 0. We further define the following parame-
ters for each bundle:

• The bundle cost cj =
∑

i dijci. We have cj = cHj +

cSj , where cHj =
∑

i∈H dijci is the hardware cost, and
cSj =

∑

i∈S dijci is the software cost. In this application,
the software cost is zero.

• Bundle list price p̄j =
∑

i dij p̄i, with p̄j = p̄Hj + p̄Sj .
Here p̄Hj and p̄Sj are the sum of list prices of the
hardware and software components in the bundle,
respectively.

• Bundle value score vj = vHj + vSj , with vHj =
∑

i∈H dijvi and vSj =
∑

i∈S dijvi. Here vi is the value
score of each component, which is going to be cali-
brated in the top-down step.

Our objective is to choose an optimal bundle price
for each incoming RFQ. In the following, we analyze
the component value scores (vis) in §3.1 and then the
utility model in §3.2.

3.1. Top-Down Step
In this section, we adopt the valuation-regression
tree model introduced in §2.2 to compute the value
score for each component. In the following, we first
describe the main attributes of each component in
this application, which are used to serve as the inde-
pendent variables in the regression model. Then we
address the issue of how to determine the dependent
variables in the VRT model.
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3.1.1. Component Attributes. To obtain a good
model for the component value scores, we first need
to know what attributes a component has that may
affect its perceived value. In this application, we con-
sider the following attributes:

• Commodity type: software or hardware.
• Product family: group of components with simi-

lar functionality.
• Shelf life information: newly released, matured,

upgraded items, obsolete.
• Market environment: monopoly, duopoly, full

competition.
• Cost parameter: cost, delegation price, and list

price.
In the following, we build a model for the compo-

nent value score based on these attributes. We adapt
the valuation model in §2.2 to the following:

vi = f 4ci1 p̄i1 p̂i1 ti11i50 (7)

In (7), ci, p̄i and p̂i are the cost, the list price and the
delegation price for the component at the time the
RFQ is recorded. They are all specified in the data
set for each component. The fourth term, 0 ≤ ti ≤ 1,
is the age of component i at the time the RFQ is
recorded, which can be calculated as the days after
release divided by its entire shelf life. This term can
also be viewed as accounting for the obsolescence of a
component in its perceived value. The last term 1i is a
binary variable indicating the market environment. In
particular, it is equal to 1, if the provider is the mar-
ket leader for component i, and 0 otherwise. In this
application, a team in the sales department specifies
an obsolescence score and a binary market environ-
ment variable in the data set to each component at
the time of sale. Therefore, both ti and 1i are immedi-
ately available from the data set. (In our application,
we choose to include the obsolescence score ti and the
market condition 1i as independent variables in the
regression model rather than using them to discount
the prices.)

3.1.2. Computing the Component Value Scores.
Now we apply the VRT model introduced in §2.2
to compute the value scores for each component.
Remember that the VRT is a tree-type structure in
which each leaf node corresponds to a certain regres-
sion model. To build the VRT, we run the procedures
described in §2.2, i.e., performing regressions and
classifications recursively until satisfactory regression
models are found at each leaf node. Here the clas-
sification is done based on the attributes described
in the last subsection. At each leaf node, we use the
cost parameters (cost, list price, delegation price), the
age parameter, and the market environment factor as
the independent variables for the regression model. In
the following, we discuss the choice of the dependent

variables in the regression model and some imple-
mentation issues in the construction of the VRT in this
specific application.

To find reasonable dependent variables for the
regression model used to build the VRT, we need
to estimate the perceived value of each component
from the historical data. To this end, we utilize the
sold prices in the historical RFQs in this application.
Although those prices were not necessarily optimal,
they reflect to some degree the customer’s valuation
of the bundle, which is consistent with the intended
meaning of the component value score. For the sales
data for bundle j , we have the information of the sold
price pj . We then break it down to obtain an estima-
tion of the valuation of each component. To break it
down, we use the delegation price as the weight, as
the delegation price reflects the seller’s knowledge on
the perceived market value of each component. There-
fore, the dependent variables v∗

i of component i for
historical data j can be written as

v∗

i = ŵipj1 with ŵi = p̂i/p̂j1

where p̂j is the sum of the delegation prices of all
components in the bundle j . (As we have mentioned
earlier, it is common that there are multiple data
that correspond to one component. In that case, we
include all of them in our regression analysis, which
then computes the regression model that gives the
most consistent component value scores.)

With the dependent variables specified, we can
build the VRT. When building the VRT, we need to
choose a regression model at each leaf node. A nat-
ural choice would be a linear model, which can be
written as

vi = �0 + �1ci + �2p̄i + �3p̂i + �4ti + �51i + �i1 (8)

where the random variable �i describes the random
errors. However, the issue of multicollinearity (Chatter-
jee et al. 2000) will arise in the linear regression model
since there are linear correlations among the indepen-
dent variables, i.e., the cost, list price, and delegation
price. Therefore, special cautions should be applied if
one chooses to use the linear regression model.

To mitigate the effect of multicollinearity, we can
alternatively consider a power regression model:

log4vi5 = �0 + �1 log4ci5+ �2 log4p̄i5+ �3 log4p̂i5

+ �4ti + �51i + �i0 (9)

In an empirical study using available data (the de-
tailed background and scope of this study is specified
in §4), we find that the power regression model fits
the data very well. The resulting goodness of fit is
shown in Table 1, which shows the average adjusted
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Table 1 Adjusted R2 for Component Value Scores

Family R̄2 (No VRT) R̄2 (VRT) Family R̄2 (No VRT) R̄2 (VRT)

Server SW 0.938 0.953 Storage SW 0.989 0.990
Server HW Storage HW

—High end 0.904 0.917 —High end 0.941 0.946
—Middle end 0.934 0.943 —Middle end 0.880 0.915
—Low end 0.942 0.961 —Low end 0.990 0.992

R2s for the regression models.6 In particular, the left
column of Table 1 shows the adjusted R2 if we just
run a regression for each product family, and the right
column of Table 1 shows the average adjusted R2

for each family when we further classify them using
the valuation-regression tree method. We can see that
indeed, by using the valuation-regression tree, the
goodness of fit can be improved. In particular, all the
product families have a decent goodness of fit. There-
fore we believe this approach yields a decent assess-
ment for the value of each component.

3.2. Bottom-Up Step
Next we apply the bottom-up step to establish the
utility function based on the component value scores
computed in §3.1. First, we propose several features
to characterize and segment the bundles. Then we
define utility models based on the segment and bun-
dle features.

3.2.1. Bundle Features. As discussed in §2.1, to
keep the model tractable, we choose some aggregate
features bl to characterize a bundle instead of using
the entire configuration vector d. In this application,
through interviewing experienced pricing personnel
and conducting tests, we find that the following fea-
tures are of particular importance:

• wc = 8wH1wS9, with the weight wH =
∑

i∈H dijvi/4
∑

i dijvi5 and wS =
∑

i∈S dijvi/4
∑

i dijvi5
indicating the weight (in terms of component value
scores) of hardware and software in this bundle.

• wf = 8w11 0 0 0 1wM 9, with the weight wm =
∑

i∈Im
dijvi/4

∑

i dijvi5 indicating the weight of product
family m.

• m∗ = arg maxm=110001M wm, which represents the
leading family in the bundle.

• r = 8rc1 rp9 = 8
∑

i dijvi/cj1
∑

i dijvi/p̄j9, which indi-
cates the overall grade of the bundle.

Here wc, wf , m∗ and r can all be viewed as some
terms among the bl’s. Among them, wc, wf , and m∗

are features about the composition of the bundle. For
example, a bundle is hardware based if wH is close
to 1; it is software based, if wH is close to 0. These
features are fundamental for a bundle and should be

6 Because of confidentiality concerns, Table 1 only shows a portion
of product families.

one of the first factors to consider when building the
segmentation model.

Besides the compositional information, another
important feature of a bundle is its grade, which is
characterized by r. In our definition, r has two terms.
If the bundle is hardware based, the first term will be
the main factor, and the overall grade of this bundle
is given by

∑

i dijvi/cj . Recall that cj is the total cost
of this bundle and

∑

i dijvi is the bundle value score.
Therefore, the ratio

∑

i dijvi/cj is larger if the bun-
dle contains more high-end hardware since high-end
hardware usually has a higher margin. For software-
based bundles, cj = 0, and thus the first term is mean-
ingless. Instead, the overall grade of the bundle is
measured by

∑

i dijvi/p̄j . It is higher when the bundle
contains more high-end software since high-end soft-
ware typically has less discount from the list price.

Now we have defined some main features for a
bundle. In the next subsection, we segment the incom-
ing RFQs using these features together with the
customer attribute information. Then we derive the
utility functions in §3.2.3.

3.2.2. Segmentation Model. Now we build a seg-
mentation model for incoming RFQs based on the
bundle features and the customer attributes. By con-
sulting experienced salespeople, we know that in this
application, some attributes are more important than
others. (In the following paragraphs, we will discuss
why this is preferred to having the segmentation
entirely automated by software.) Thus we propose
a hierarchical segmentation model, in which all the
attributes (both the bundle ones and the customer
ones) are put in a hierarchical order to capture the
various features of each RFQ.

In practice, the leading family (m∗) is the first at-
tribute to consider for an RFQ, because it shows the
main product type in the bundle: different product
types usually have very different price sensitivities.
Second, we consider the weights of hardware and
software in the bundle (wc). Typically hardware and
software have very different pricing methods, thus it
is important to make this distinction. Third, we con-
sider the grade of the bundle (r). Bundles with higher
(lower, respectively) grades usually have a smaller
(larger, respectively) price sensitivity and therefore it
is necessary to have different utility models for them.
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Figure 3 (Color online) Hierarchical Segmentation of Personalized Bundles
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Besides these factors, another common segmentation
criterion is the deal size. Normally, a customer looks
for a discount based on the quantity. The four fac-
tors addressed above are mainly about the bundle
features. Moreover, the segmentation model also con-
siders the customer attributes, such as acquisition or
retention, company or government, indirect or direct
channel, etc. Figure 3 summarizes a sample hierarchi-
cal model in this application.

In each level of the hierarchy, we use some estab-
lished software for the segmentation. In our imple-
mentation, we use the “party” software for that pur-
pose. Party is a software package that can be found
in the library of R, which is one of the most popular
software for statistics and data mining. In this pack-
age, a recursive binary partitioning method c-tree is
used to perform the partitioning. In c-tree, a regression
model is used to describe the conditional distribution
of a response variable Y given the independent vari-
ables X by means of tree-structured recursive par-
titioning. Details of this method are referred to in
Hothorn et al. (2006).

One may wonder whether we can directly use the
c-tree to partition the entire data set without doing
the hierarchial segmentation first. There are two main
disadvantages of doing that. First, the segmentation

results do not appear to be robust. By testing differ-
ent sets of data, we find quite different segmentation
results, even though the market condition does not
seem to differ by much. Such results may be confus-
ing and people will question the rationality of it. Sec-
ond, it is difficult to control the number of data in
each segment. We observe some segment might have
less than 10 data, while some others might have more
than 400 data, which is undesirable in practice.

Therefore, in our application, we choose the order
of the hierarchical model before we apply the c-tree to
find the proper split in each level. Using this method,
it is also easier to set up the stopping rule for the seg-
mentation. Typically, if we find the number of histor-
ical quotes in a segment is below 50 after considering
the top three attributes, then we just stop further seg-
mentation and ignore the other attributes lower in the
hierarchy.

After the hierarchical segmentation, we are able to
classify the bundles into N segments: J11 0 0 0 1JN . In
each segment, we will establish a unique utility model
as a function of bundle attributes.

3.2.3. UtilityModel. After the segmentation model
is built, we construct a utility function for the RFQs
in each segment. In the following discussion, we
fix a segment Jn. We construct the following utility
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function: (the coefficients �s and �s will be different
if different Jn is considered)

uj =�c

cj

vj

+�l

p̄j

vj

−�
pj

vj

+�h+4�s−�h5
vSj

vj

+�j 0 (10)

Note that in (10), each term has an explicit mean-
ing. The term cj/vj rates the grade of a hardware-
based bundle (it is the reciprocal of rc). As we have
discussed earlier, a high-end bundle tends to have a
higher rc thus a lower cj/vj , therefore we expect �c

to be negative. The term p̄j/vj shows the grade of
a software-based bundle (it is the reciprocal of rp).
Again, if a bundle is of high grade, then this term will
be smaller. Hence, we expect �l to be negative as well.
The term 4�s − �h5vSj/vj shows the effect of having
more weight of software attached to the bundle on
the overall utility. For example, if 4�s −�h5 > 0, then it
means that a higher weight of software increases the
utility of the bundle, and vice versa. Note that (10)
is a special case of the general utility model (5) with
each bl belonging to the features defined in §3.2.1.

To calibrate the coefficients in the utility model (10),
we use the logistic regression. In the logistic regres-
sion, the independent variables are the bundle
configuration, customer type, and quoted prices in
the historical data, and the dependent variables are
whether the customer bought the bundle or not. The
regression can be easily carried out with standard
software and the detail is omitted.

4. Business Impact
In this section, we use an empirical study to show
the strength of our model. First, we introduce some
background of this empirical study. Then we provide
numerical results to illustrate the benefit of imple-
menting our pricing solution and discuss the business
impact.

4.1. Project Background
Our empirical study is based on a pricing project (we
call it the smart pricing project and the corresponding
pricing solution the smart pricing tool in the following
discussions) that was launched by a major IT service
provider in 2011. The project aimed to develop a real-
time support system for the firm’s pricing decisions
when selling personalized bundles. Before this project
was launched, the personalized bundle pricing deci-
sions were mainly determined by personal experience
of the sales personnel. That is, for each customer’s
request, a salesperson reviews the configuration of
the bundle along with its cost, list price, delegation
price, etc., and then offers a quoted price based on his
insight of the market.

The system based on human intelligence was in
place for many years. However, several disadvantages

emerged during the years. First, it is difficult to share
a salesperson’s knowledge and experience in a sys-
tematic fashion. Second, it is difficult to use all the
available information at the time of a quote request.
Third, different salespeople often have different opin-
ions toward the same bundle, and the resulting price
could be dependent on the particular salesperson that
is in charge, resulting in potential inconsistencies in
the pricing decisions. Overall, these disadvantages
emphasized the need for a new pricing tool that is
automated and can utilize all available information in
real time.

In §§4.2 and 4.3, we show empirical results that
are based on a proof of concept (POC) phase for this
project. In particular, we show the test performance of
our proposed approach and compare it to a simpler
approach that only uses bid-level information. Then
in §4.4, we show the results from real implementa-
tion of our pricing solution. In the POC, we focus
on two brands: a server computer brand and a stor-
age solution brand. The components provided by this
company in these two brands were introduced in §3.
The data set used in the POC contains 18 months
sales data from Q1 of 2012 to Q2 of 2013 with 3,253
RFQs in total. In the POC, we conduct out-of-sample
tests. More precisely, we pick a 12-month subset of
the sales data to train the model, and then apply the
fitted model to the RFQs in the remaining 6-month
data. In particular, we conducted three tests: (1) use
2012 Q1–Q4 data for training and 2013 Q1–Q2 data for
testing, (2) use 2012 Q1–Q2 and 2013 Q1–Q2 data for
training and 2012 Q3–Q4 for testing, and (3) use 2012
Q3–Q4 and 2013 Q1–Q2 data for training and 2012
Q1–Q2 data for testing. Although this is not an exten-
sive random out-of-sample test, the results are quite
consistent. In addition, people tend to use data from
consecutive periods for training in practice. Therefore,
the results are representative for the performance of
our approach.

4.2. POC Business Value
In this section, we show the results of the POC tests.
The setup of the test has been described in the end
of last section. To better illustrate the result, we will
focus on test 1 in this section, that is, we use the
data from Q1–Q4 of 2012 as training data to cali-
brate the pricing model (which we will call period 1
data) and then test the pricing model using the data
from Q1–Q2 of 2013 (which we will call period 2 data).
The results for the other two tests are given in the
appendix (see Tables A.1–A.4).

To build our pricing model, we use the period 1
data to calibrate a utility function for each segment
of RFQs. In particular, we first apply the top-down
step in §3.1 to obtain a value score for each compo-
nent, then we apply the bottom-up step in §3.2 to
construct a utility function (10) for each segment of
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Table 2 A Sample Set of Coefficients

Family �h � �s − �h �l �c

High-end server 10359 −10596 2.102 −00767 0.000
Middle-end server 40577 −20066 5.518 −50518 0.000
Low-end server 00487 −20769 1.198 −10387 0.000
High-end storage 50218 −30089 6.547 −00501 0.000
Middle-end storage 100004 −40525 7.370 −00471 0.000
Low-end storage 00000 −70431 1.736 −00719 0.000

the RFQs. We show in Table 2 a sample set of coeffi-
cients obtained from one specific segment. Although
it is only a small set of coefficients obtained for a spe-
cific segment, we highlight some observations about
the regression coefficients. And the signs of the coef-
ficients in Table 2 are representative of the other
segments.

The zero terms in Table 2 mean that the cor-
responding coefficients are statistically insignificant.
In our regression analysis, we adopt a backward
elimination method, thus insignificant coefficients are
removed and a new regression only using the remain-
ing independent variables are performed. We first
focus on the coefficients �, which can be viewed as
the price sensitivity coefficient for the correspond-
ing segment of bundles. In Table 2, we observe that
the price sensitivity coefficient of bundles with high-
end servers/storage systems is less than (in absolute
value) that of the bundles with low-end ones. This
implies that the customers who look for low-end sys-
tems are more price sensitive than those who are
interested in high-end ones, which is consistent with
our intuition. Second, the coefficients for the weight
of software (�s −�h) have positive signs, which means
that the weight of software in a bundle positively
affects the bundle utility. Third, the coefficients �l

are negative, which means a bundle with a higher
bundle value score (i.e., higher vj/p̄j ) has a higher
utility. Also, in this segment, the coefficients �c are
all insignificant, this is because the selected segment
is for bundles with a significant amount of soft-
ware, thus the cost to value ratio terms are relatively
small. Lastly, we observe that the coefficients are very
different in different segments, which indicates that
customers do have different price sensitivities when
buying different bundles. Therefore, it is necessary to
segment the incoming RFQs based on the bundle con-
figuration, as we did in our approach.

Now we have our utility model calibrated from
period 1 data. We apply it to the period 2 data to
assess its performance. To do that, we need to define
a way to evaluate the performance, for which we
consider what would have happened if we used our
pricing strategy (the optimal price) in the test data
and compare it to the outcome of the actual price
(the approved price). In the following, we propose

an assessment method, which we call the condi-
tional probability approach. In the conditional probabil-
ity approach, we consider four scenarios, which are
shown in Figure 4.

In Figure 4, the two columns correspond to two
cases: (1) the optimal price is higher than the ap-
proved price and (2) the optimal price is lower than
the approved price. The two rows correspond to
whether the outcome was a win (i.e., the customer
purchased the bundle at the approved price) or a loss
(i.e., the customer did not purchase at the approved
price). We study each of the four scenarios in Figure 4
as follows:

1. The optimal price p∗ is higher than the approved
price p and the outcome was a win. In this case, if
we had used the optimal price, there is some chance
that the customer would not make the purchase since
the optimal price is higher. To estimate this probabil-
ity, we use the win probability model we established
using the training data set. Let q4p5 be the logit func-
tion defined in (2) when p is used. Then the prob-
ability that the customer would buy at the optimal
price p∗ given that she bought at price p can be esti-
mated by the following conditional probability:

q4p∗5

q4p5
0

When the bundle is sold at the optimal price
(approved price, resp.), the profit is p∗ −c (p−c, resp.).
Therefore, the expected change of revenue (profit,
resp.) would be ãG1 = p∗4q4p∗5/q4p55 − p44p∗ − c5 ·
4q4p∗5/q4p55 − 4p − c5, resp.). Note that there are two
countervailing forces in this case, i.e., the reduced
chance of making a sale and the increased rev-
enue/profit of each sale. In general, either force could
be dominant, i.e., ãG1 could be either positive or
negative.

2. The optimal price p∗ is less than the approved
price p and the outcome was a win. In this case, the
optimal price would certainly be accepted by the cus-
tomer too and the net change of revenue (and profit)
is ãG2 = p∗ −p. Note that ãG2 is always negative since
the bundle would be sold at a lower price.

3. The optimal price p∗ is higher than the approved
price p and the outcome was a loss. In this case, the
optimal price would certainly result in a loss too. And
the net change of profit ãG3 is zero.

4. The optimal price p∗ is less than the approved
price p and the outcome was a loss. When the opti-
mal price is lower, there is some chance that the cus-
tomer would purchase at the lower price. Similarly,
we use a conditional probability formula based on the
win probability function calibrated by our regression
model to estimate the conditional win probability of
the optimal price. In this case, the conditional prob-
ability that a customer would purchase at price p∗
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Figure 4 (Color online) Four Different Scenarios in Business Value Assessment

1. Change of gross profit 2. Loss of gross profit

3. No change 4. Increase of gross profit

Optimal price greater than
the approved price

Optimal price lower than
the approved price

Won

Lost

given that she did not purchase at price p can be esti-
mated by

q4p∗5− q4p5

1 − q4p5
1

and the expected gain of revenue (profit, respectively)
is ãG4 = p∗44q4p∗5− q4p55/41 − q4p555 (4p∗ − c544q4p∗5−

q4p55/41 − q4p555, resp.).
One criticism people may have is that we have used

our own calibrated win probability function to com-
pute the conditional win probability when the opti-
mal price is used. Of course, this is not a perfect
approach. However, as one can imagine, no method
can perfectly predict what a customer would have
done if offered another price in the past, and the win
probability model that we estimated has already uti-
lized all the available data to estimate the customer
purchase probability. Thus, it is a reasonable approxi-
mation. Furthermore, remember that we are studying
the performance using an out-of-sample approach, i.e.,
we learn the coefficients of our model using period 1
data and test the performance of our model using
period 2 data. Therefore, even if we use the win
probability function we calibrated to compute the
conditional probability, there is no guarantee that the
optimal price must perform better. In other words,
the comparison between the revenue achieved by the
optimal prices and the approved prices should mainly
reflect the relative advantages of the pricing strate-
gies, rather than the way we chose to evaluate them.
The test results are shown in Table 3.7

7 For confidentiality reasons, the numbers (both the revenue and
the profit) in Table 3 are disguised by multiplying a certain con-
stant. However, all the relative relationships of the numbers are
maintained (i.e., the % change stays the same). The same comment
applies to the later tables too.

In Table 3, each block of rows shows the (expected)
revenue and profit earned by the approved prices and
the optimal prices, respectively, under each of the four
scenarios discussed above (we did not include sce-
nario 3 since we have argued that everything is 0 in
that case). The absolute changes as well as the rel-
ative changes (in parentheses) are given in the last
column. The second from the last set of rows sums up
the values in different scenarios and shows the overall
performance of our method. The last row shows the
gross profit (GP) margin of each pricing mechanism,
defined as the profit divided by the revenue. We can
observe the following from Table 3:

1. In the first scenario (i.e., win and the optimal
price is greater than the proved price), by pricing
higher, we overall sell slightly less because of the
reduction of purchase probability. Meanwhile, in the
optimal pricing, we increase the prices of those bun-
dles and achieve a higher margin if the bundle is sold.
From the perspective of the expected profit, we are
able to obtain higher gross profits in this scenario.

2. In the second scenario (i.e., win and the optimal
price is lower than the approved price), as we have
discussed, the optimal pricing method will lose rev-
enue/profit because of the lower price.

3. In the last scenario (i.e., loss and the optimal
price is lower than the approved price), the optimal
prices recapture some of the lost sales. Our model pre-
dicts that reducing the prices in exchange for a higher
purchase probability would overall increase the profit,
which is signified in the results.

4. Overall, our pricing method achieves a higher
revenue at a reduced cost, which results in a sig-
nificant improvement in the profit. We also observe
that the average profit margin of the optimal prices is
higher.
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Table 3 Financial Assessment for Test 1 (Conditional Probability Approach)

Actual pricing Optimal pricing Change

Scenario 1: win and opt > actual
Revenue ($) 5503 M 5407 M −005 M 4−100%5
Profit ($) 2308 M 2609 M 301 M (13.2%)

Scenario 2: win and opt < actual
Revenue ($) 2701 M 2209 M −402 M 4−1506%5
Profit ($) 1402 M 1104 M −208 M 4−1907%5

Scenario 4: loss and opt < actual
Revenue ($) 000 M 805 M 805 M (N/A)
Profit ($) 000 M 400 M 400 M (N/A)

Total
Revenue ($) 8203 M 8601 M 308 M (4.6%)
Profit ($) 3800 M 4203 M 403 M (12.1%)

Overall GP margin (%) 4601 4901 3.0

In addition to the above assessment method, we
also compare the expected revenue and profit of
the optimal prices with the expected profit of the
approved prices (under our calibrated model) and the
actual revenue. The results are shown in Table 4. As
one can see, the expected revenue/profit of the opti-
mal prices also performs well under these measures.

In the appendix, we present the results for the other
two tests (the other two choices of hold-out data).
Although there are some fluctuations in the results,
the revenue/profit improvement in general are quite
consistent with the results in Tables 3 and 4.

4.3. Comparison to Other Approaches
In this section, we further validate the value of the
smart pricing tool by comparing it to another ap-
proach that does not use the component value scores
described in our approach. The goal is to demonstrate
the benefits of involving this step. In the approach we
compare to (which we will refer to as the bid-level
approach), we only use aggregate measures for each
bundle to construct the utility functions as well as
to perform segmentations. More precisely, in the bid-
level approach, for each bundle j , one first computes
the aggregate attributes of the bundle. To make the
factors consistent with those considered in our pro-
posed utility (10), we consider the following bundle
attributes: the total cost cj , the total list price p̄j , the
total software delegation prices p̂Sj , and the total del-
egation prices p̂j . Since we no longer have the value
scores available, we replace the bundle value score
in (10) by the total delegation price (we could also
use the total cost or the total list price, the results will

Table 4 Financial Assessment for Test 1 (Expected Values)

Expected Expected
(opt. price) ($) Actual ($) (appr. price) ($)

Revenue (M) 96.0 82.3 95.9
Profit (M) 44.0 37.9 39.1

be very similar). That is, the bundle utility in the bid-
level approach is

uj = �̃c

cj

p̂j
+�̃l

p̄j

p̂j
−�̃

pj

p̂j
+�̃h+4�̃s−�̃h5

p̂Sj
p̂j

+ �̃j 0 (11)

In the bid-level approach, we still segment the incom-
ing bundles in the same way as we did in §3.2.2,
except that we are no longer able to segment the bun-
dles by the bundle value scores, which depend on the
component value scores computed in the top-down
step. Instead, we replace the bundle value score by
the total delegation price of the bundle. We consider
the same data set as we used in §4. In the follow-
ing, we show the results when using the data from
Q1–Q4 of 2012 to calibrate the model, i.e., to create
the segmentation of bundles as well as to calibrate the
coefficients for each segment, and using the data from
Q1-Q2 of 2013 to evaluate the performance. We also
test the cases when using the other two half years’
data as training data and applying to the remaining
half year (see §4.1 for the setup), the results (especially
the magnitude of the advantage of the smart pricing
tool) are very similar.

First we compare how well the smart pricing tool
and the bid-level approach can predict whether cus-
tomers will purchase using the period 2 data. We
find that the average prediction rate (the average of
the prediction probability for the true outcome) for
the smart pricing tool is 67%, and for the bid-level
approach the rate is at 64%. Therefore, the smart pric-
ing tool predicts the purchase results better, which
means that by doing the top-down and bottom-up
steps and utilizing the component value scores for
both bid segmentations and utility constructions, it
could fit the data better than an approach that only
uses bid-level information.

Next we compare the expected revenue and profit
of the two methods. We adopt the same conditional
probability method introduced in §4.2 and the results
are shown in Table 5. Note that in Table 5, the num-
bers are computed assuming the true model is the one
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Table 5 Results of the Bid-level Approach (Conditional Probability Approach)

Actual pricing Bid-level approach Change

Scenario 1: win and opt > Actual
Revenue ($) 6303 M 6203 M −100 M 4−106%5
Profit ($) 2802 M 3007 M 205 M (8.9%)

Scenario 2: win and opt < Actual
Revenue ($) 1901 M 1602 M −209 M 4−1502%5
Profit ($) 1001 M 801 M −200 M 4−1908%5

Scenario 4: loss and opt < Actual
Revenue ($) 000 M 501 M 501 M (N/A)
Profit ($) 000 M 309 M 309 M (N/A)

Total
Revenue ($) 8203 M 8307 M 104 M (1.7%)
Profit ($) 3803 M 4104 M 301 M (8.1%)

Overall GP margin (%) 4605 4905 3.0

Table 6 Comparison Between Our Approach and the
Bid-Level Approach

Total Optimal pricing Bid-level pricing Change

Revenue ($) 86.1 M 81.3 M −403 M 4−500%5

Profit ($) 42.3 M 39.8 M −205 M 4−600%5

calibrated by the bid-level approach, therefore, one
can view that we have given the bid-level approach
the “benefit of doubts.”

In Table 5, we can see that the performance of the
bid-level approach is reasonable. It also increases the
revenue and profit by a decent amount. However,
the increments are less than that when we use our
approach, even if we have used the bid-level model
as the underlying model. In Table 6, we further test
the bid-level approach using our pricing model as the
true demand model. Since we have shown that our
model has a higher prediction rate, this comparison
is reasonable. Apparently, the result indicates that it
is indeed valuable to use the top-down and bottom-
up steps. Overall, we observe that by involving those
steps, we can substantially improve both the predic-
tion rate and the test results. In the next section, we
will further demonstrate the strength of the smart
pricing tool by showing the results from real-world
implementations.

4.4. Real-World Implementations
After the success of the POC, we developed a Web-
based pricing tool that implements the smart pricing
method, together with advanced programming inter-
faces that enable automated RFQ processing and price
quoting in real time. Before implementing the pricing
tool for full production use, we assess the business
impact in a controlled experiment for two selected
sales markets based on actual RFQ data.

The experiment was conducted for a period of six
months in 2013 in two European sales regions. Dur-
ing that period, there were 774 and 620 RFQs placed
to the IT company in regions 1 and 2, respectively.

For each incoming RFQ, we randomly select it with
probability 30% to be priced by the smart pricing tool.
(As an outcome, 237 (30062%) RFQs in region 1 and
192 (30096%) RFQs in region 2 were selected.) For
those RFQs that were not selected, we used the exist-
ing baseline pricing method to price it. The model
calibration for the smart pricing tool for each region
is done using the one year’s data prior to the exper-
iment. During the experiment period, we record the
prices used and the outcomes for each RFQ. At the
end of the test period, we calculate the resulting rev-
enue and profit in each group. The results are sum-
marized in Table 7.

First, we can see from the bottom lines of Table 7
that in both sales regions, the smart pricing tool clearly
leads to higher revenue/profit per RFQ. Combining
the two regions, we observe that the smart pricing tool
is able to achieve a 30% per quote revenue increase
and a 25% per quote profit increase. This is an imme-
diate indication that our pricing tool works very well
in this test. Next we take a closer look at the results
and explain why the smart pricing tool did well.

In Table 7, we can see that the win rate in region 1
was significantly lower than that in region 2, regard-
less of the pricing method used. This could be inter-
preted as the customers in region 1 overall had lower
valuations of the products and/or higher price sen-
sitivities. In response to that, the smart pricing tool
recommended a lower GP% for the RFQs in that
region. Even though the quoted price was lower, the
conversion rate in region 1 was greatly improved,
which compensated for the lower price and eventu-
ally led to increases of the per quote revenue and
per quote profit. In contrast, in region 2, the win
rate was relatively high. Then the smart pricing tool
recommended an averagely higher GP%. In particu-
lar, the smart pricing tool was able to identify the
attractiveness of each bundle based on the historical
market responses, therefore, even with a higher aver-
age margin, it can still achieve higher win and profit
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Table 7 Results from Real Implementation

Sales region 1 Sales region 2

Smart pricing Baseline pricing Smart pricing Baseline pricing

Mean GP% (%) 3105 3907 4201 3802
Med. GP% (%) 2809 3808 4404 3907
Std. dev. GP% (%) 1308 1309 1403 1902
Quote no. 237 537 192 428
Ship no. 24 32 56 62
Win rate (%) 1001 600 2902 1405
Quote revenue ($) 34040 M 99012 M 36054 M 107085 M
Ship revenue ($) 5086 M 10098 M 11022 M 17091 M
Revenue conversion rate (%) 1700 1101 3007 1606
Quote profit ($) 13040 M 45062 M 17050 M 44036 M
Ship profit ($) 2069 M 5043 M 5031 M 8088 M
Profit conversion rate (%) 2001 1109 3003 2000

Revenue per 100 RFQ ($) 2047 M 2004 M 5084 M 4018 M
Profit per 100 RFQ ($) 1014 M 1001 M 2080 M 2007 M

conversion rates, as well as significantly higher rev-
enue and profit per RFQ.

From the implementation result, it is clear that the
smart pricing tool successfully improved the busi-
ness of the IT service provider. Several million dol-
lars of gross profit gains are obtained as an outcome.
Based on these results, the brand sales executives
have decided to deploy the smart pricing solution to
all European sales markets at the time this paper was
written.

5. Conclusion
This paper studied the pricing strategy for personal-
ized bundles with distinctive configurations. In this
problem, most bundles have unique configurations
that were never seen before. The seller lacks knowl-
edge about the distribution of component reserva-
tion prices and the correlation among components.
These features make it difficult to use the traditional

Appendix. Additional Numerical Experiments

Table A.1 Financial Assessment for Test 2 (Conditional Probability Approach)

Actual pricing Optimal pricing Change

Scenario 1: win and opt > Actual
Revenue ($) 4201 M 4100 M −101 M 4−206%5

Profit ($) 1208 M 1708 M 500 M (39.0%)
Scenario 2: win and opt < Actual

Revenue ($) 3109 M 2407 M −702 M 4−2205%5

Profit ($) 1804 M 1306 M −408 M 4−2601%5

Scenario 4: loss and opt < Actual
Revenue ($) 000 M 1000 M 1000 M (N/A)
Profit ($) 000 M 402 M 402 M (N/A)

Total
Revenue ($) 7400 M 7507 M 107 M (2.2%)
Profit ($) 3102 M 3506 M 404 M (14.2%)

Overall GP margin (%) 4201 4700 4.9

bundling models based on the complete information
of reservation price and component correlation.

To address these difficulties, we proposed a novel
top-down and bottom-up approach based on the his-
torical sales data to segment complicated bundles,
calibrate their price sensitivities, and compute the
optimal prices. In our proposed approach, we first
decompose all the bundles to components, classify
them into different families based on their similarity,
and assess their value scores. Next, we reassemble
them to bundles, characterize the bundles by several
attributes, and build up a utility model that takes into
account the bundle features and customer attributes.
Finally, we compute the purchase probabilities and
obtain the optimal prices.

To validate our model, we show the implementa-
tion results of the proposed pricing strategy in a major
IT company. The results show great promise for our
pricing strategy’s use in broader applications.
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Table A.2 Financial Assessment for Test 2 (Expected Values)

Expected (opt. price) ($) Actual ($) Expected (appr. price) ($)

Revenue (M) 95.4 74.0 86.8
Profit (M) 43.9 31.2 35.2

Table A.3 Financial Assessment for Test 3 (Conditional Probability Approach)

Actual pricing Optimal pricing Change

Scenario 1: win and opt > Actual
Revenue ($) 6902 M 6809 M −003 M 4−004%5

Profit ($) 2806 M 3107 M 301 M (10.8%)
Scenario 2: win and opt < Actual

Revenue ($) 1709 M 1307 M −402 M 4−2305%5

Profit ($) 702 M 404 M −208 M 4−3809%5

Scenario 4: loss and opt < Actual
Revenue ($) 000 M 900 M 900 M (N/A)
Profit ($) 000 M 400 M 400 M (N/A)

Total
Revenue ($) 8701 M 8807 M 106 M (1.8%)
Profit ($) 3509 M 4002 M 403 M (12.0%)

Overall GP margin (%) 4102 4503 4.1

Table A.4 Financial Assessment for Test 3 (Expected Values)

Expected (opt. price) ($) Actual ($) Expected (appr. price) ($)

Revenue (M) 10901 87.1 10808
Profit (M) 4903 35.9 4108
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