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ABSTRACT

Massive datasets are becoming commonplace in a raige of

domains, and mining them is recognized as a clgiligrproblem

with great potential value. Motivated by this ckalje, much
effort has been concentrated on developing scaladigions of

machine learning algorithms. An often overlookesus is that
large datasets are rarely labeled with the outfhaswe wish to
learn to predict, due to the human labor requik&é. make the
key observation that analysts can often use qutridsfine labels
for cases, which leads to the problem of learnm@redict such
query-produced labels. Of course, if a datasetvalable in its

entirety, we can simply run the query again to cotapgabels. The
interesting scenarios are those where, after theigtive model is
trained, new data is gathered at significant inengt@ cost and,
perhaps, over time. The challenge is to accurapebdict the

query-labels for the projected completion of nevadats, based
only on certaircost-effectivesubsets, which we cdlellwethers

1. INTRODUCTION

Mining large datasets is recognized as a challgngimblem with
great potential value, and much effort has beercemtnated on
developing scalable versions of machine learningprithms.
However, large datasets are rarely labeled wittothtputs that we
wish to learn to predict, due to the human labait ik typically
required. This severely limits our ability to appbupervised
learning techniques.

We make the key observation that for a large obdgsractically
motivated problems, conventional database quegrse used to
“tag” cases with the attribute values that we wishpredict,
thereby mitigating the labeling difficulty. The ‘®es” are
themselves the result of aggregating many dataleserds.
Consider a company that wants to predict tHeydar worldwide
profit of a new item. After selling this item wovlide for one
year, the company will know the exact profit. Howevif the
company can accurately predict the annual worldwgiadit using
features (e.g., regional profit, etc.) collectedairmuch shorter
time (e.g., I week sales) and a much smaller area (e.g., ohdyg sa
in Wisconsin), it has gained valuable businesgtsi

In this example, each item for which we have histdrdata is a
case, and the information relating to this itendispersed across
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all sales records for the item. We can createtiadail per-item

features, and compute the desired label (worldwideual profit

for the item), by using conventional OLAP-style fjgs. In fact

we can create training datasets by summarizingfiist per-item

sales for each region of interest (e.g., by statk month, or by
county and week). We can then use each per-reg@ning

dataset to train a predictive data model. Wherew item is

introduced, if we collect sales data for a givemioa and

aggregate this as before to create a case for éheitem, the
predictive model for the region can be used taredtt the desired
label, which, in our example, is worldwide annuwdfji.

The question, then, is what is the best region tithvto base
such a predictive model, and whether a good regiasts at all.
Intuitively, gathering sales data for a new itenthe region must
be within an acceptable cost; cost could reflecil-veorld
marketing expenses, for example. Further, the ptigdi model
for the region must have high accuracy and lowaveré. We call
such regionsbellwethers and the problem considered in this
paper is how to identify bellwether regions.

In this paper, we make the following contributiond) We

introduce bellwether analysis, a novel framewokgk #llows us to
apply predictive models to massive datasets witthowman labor
for labeling the training examples. (2) We formaliznany
challenges raised by this framework, showing tebrméss of the
problem and many opportunities for future resear@). We

develop several efficient, scalable algorithms ita fbellwether
regions, and evaluate their performance. (4) Usiagl-life

datasets, we demonstrate the value of bellwettedysia.

The rest of this paper is organized as follows.teAfeviewing

predictive models in Section 2, we introduce bethee analysis
in Section 3. We define the basic bellwether asialproblem,
and an important variation, finding item-centriclllwethers.

Intuitively, the basic approach finds a single oegio serve as
bellwether for all items, while the latter recoggszthat different
regions may be appropriate for different itemsygres of items.
We present a scalable algorithm for basic bellwetralysis in

Section 4, and two algorithms for item-centric Welihers in

Sections 5 and 6. In Section 7, we present alddtakperimental
evaluation using both real and synthetic datase¢ssuring both
the quality of the bellwethers found and the effimy of our

algorithms. We discuss related work and concludgeation 8.

2. BACKGROUND

Before formally introducing bellwether analysis, fiest review
some basics of predictive models [13]. Debe a data table with
attributesXy, ..., X;, Y, whereX, ..., X, are calledeatures Y is
called thetarget, and each row in the table is calledeample A
predictive model learns the relationship betwign..., X, andY
from D and predicts the value ¥fgiven a new example based on
its Xy, ..., X, values.D is called the training set. We ubeto
denote a predictive model, afgx) returns the target value of
examplex. If the targetY is a numeric valueh is called a
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Figure 1. Data schema of the motivating er@le

regression modellf Y is a categorical valueh is called a

classification model Decision trees, support vector machines,

neural networks and linear regression models aemples of
predictive models.

The quality of a predictive model is usually measuby the error
(or equivalently, accuracy) of the model, whichtlie expected
discrepancy between the true target value and ribdigted value
for a new example. For classification models, thechassification
rate (i.e., the expectation of making an incorggetdiction) is a
commonly used error measure, while for regressialats, the
mean squared error (MSE) and root mean squared EMSE)
are commonly used. MSE is the expected value ofstheared
difference between the trué value and the predicted one, and
RMSE is the square root of MSE. However, in realihe true
distribution ofX, ..., X;, Y is generally unknown. Thus, the error
of a model cannot be computed exactly, but needhe testimated
from the given datd. We consider two commonly used error
estimates: cross-validation error and trainingesedr.

Cross-validation error: To compute cross-validation error, we

first partition D into n non-overlapping subsets of examples:

Dy, ..., Dy Fori from 1 ton, we train a model oEjli D; and test

the model onD; to obtain an error value. Then, the cross-

validation error is the mean of timeerror values. Based on some
distribution assumptions, the confidence intervalttee cross-
validation error can be obtained based on the negiaof then
error values. A commonly useds 10.

Training-set error: Another way to estimate the error of a model

is to train the model oD, and then test it also dhto obtain the
error value, which is called the training-set ertdsually training-
set error is overly optimistic. However, for simpteodels, e.g.,
linear regression models, training-set error capr@gmate the
true error. Note that the overhead of computingssnaalidation
error is approximately times that of computing training-set error.

3. PROBLEM DEFINITION

We first introduce a motivating example, and themally define
the problem of bellwether analysis. Intuitively, want to use
historical data to find eegion (e.g., [£' week, Wisconsin]) with a
small cost such that we can accurately predict theget value
(e.g., the T year worldwide sales) of aitem (e.g., a product)
based on thdeatures(e.g., the T week sales in Wisconsin) of
that item collected from that region. As will beeeethis problem
is significantly different from ordinary machineal@ing problems
in that both features and target values are gesteiay queries
over the historical database.

3.1 Motivating Example

Consider a company that wants to predict tfeydar worldwide
profit of a new item. After selling this item wovlide for one
year, the company will know the exact profit. Howevif the
company can accurately predict this target valuagufeatures
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Figure Rimensions of the motivating example

(e.g., regional profit, etc.) collected in a mudtoser time (e.g.,
1% week) and a much smaller area (e.g., only focu#/istonsin),
then it can quickly adapt its business strategyittimize the loss
or even maximize the profit. {iweek, Wisconsin] is an example
of such a bellwether region. Our goal is to findsvegions. Note
that, in this example, we denote a region by a @idiime interval
and location values.

To find such a bellwether region, the company caplat its
historical sales database, which contains threledads shown in
Figure 1. Each record in OrderTable representareséction of an
item (identified by ItemID) at a specific time atatation, which
includes the quantity and the profit earned fromit tthansaction.
Item information is stored in ItemTable, which reg® the
category and R&D expense for each item. Advertisgme
information is stored in AdTable, which contains thize and
number of colors for each advertisement (identifigd AdNO).
Using the foreign keys, we can obtain the item addertisement
information for each transaction.

Let us first consider a straightforward data-minaggproach. We
can aggregate OrderTable to obtain the target Véleg the ¥

year worldwide profit) for each historical item. (%) a training
set can be created by associating the featureed@at and
RDexpense) of each item, called ftem-table features with its

target value. Then, we can train a predictive mdds., a linear
regression model) on the training set, and usenibdel to predict
the target value of a new item based on its featufehis model
is very accurate, then no bellwether analysis eded. However,
since the item-table features are usually not Gefitly predictive,
the accuracy of the model is usually not acceptable

To improve the accuracy of the predictive modekliag more
informative features is necessary. Note that wee et yet used
the information provided by OrderTable and AdTaidefeatures
to help predict the target value. However, collegtsuch features
for a new item incurs a cost. At one extreme, ifsed the new
item worldwide for a year, we know the worldwidefitr exactly.
There is no need for prediction, but this incurgeay high cost.
At another extreme, if we are not willing to payytring, then we
only have the item table information and no otleatdires can be
used.The goal of bellwether analysis is to find a cdéaive
“region,” such that using new features collected from tlegian
can best improve the accuracy of the model

In this example, a time interval and a locationetbgr define a
region for data acquisition. Figure 2 shows the afigion
structures. Any combination of an interval in tivad dimension
and a place in the location dimension is a candidegion. E.g.,
[1-1, W, [1-2, US], and [1-52, All] are regions different levels.
Based on the company’s experience, the cost afatolly data for
each region can be defined.

For a given region [1; loc], new features of item can be
generated by queries over the database, such as:



Regional Profit: dsymprofity Sif1, log OrderTable which is the
total profit of purchases of iteirin region [% t, loc].

Regional Max AdSize:amayadsizs ((Sifi, 1og OrderTable) >
AdTablg, which is the maximum size of advertisement for
itemi in region [% t, loc].
Note thatass) denotes the aggregation operator that computes the
aggregate functiohon attributeA; s; 1, 1,q denotes the selection
operator that selects records witbmID =i, Timebetween 1 and
t, and Location in (or equal to)loc; and > denotes the natural
(key-foreign-key) join between tables.

Given query-generated regional features over differegions, we
want to find a region with small cost such thatighly predictive
model can be built using features generated frahrggion. Data
in the historical database is then used to findhsucegion and its
corresponding model. Using queries, we can credtaiming set
for each region, in which each training examplereepnts one
item containing: (1) the item-table features, (R tquery-
generated regional features (e.g., Regional Prgfigional Max
AdSize) from the given region for that item and (B¥ target
value of that item. Then, in principle, we builgheedictive model
for each region using the training set from thagior, and
evaluate the accuracy. The region that has thedwesiracy with
cost under a specified budget is thedlwether regionThus, for a
new item, we can collect data from the bellwetlegrion at a cost
within the given budget, and expect the model ts#s features
generated from that region to have the best acguraer all other
regions for which we could collect data at a caster the budget.

3.2 Basic Bellwether Analysis
Generalizing from the motivating example, we forimaiefine the
basic bellwether analysis.

Historical database DB: It contains the historical data for
each item (identified by itlD). In the motivating example, it
is the relational database containing OrderTaliETable
and AdTable.

Candidate region setR: Eachr 1 R is a candidate region
(e.g., defined by a combination of dimension atti@values).

Training item set I: Eachi 1 | is the ID of an item to be
included in the training set. We uketo denote the subset of
items inl that have data in region R.

Target generation query £;(DB), i T I: It returns the target
value (e.g., the *Lyear worldwide profit) of item. We use
t(DB) to denote the table with attributd®(Y) that contains
the target values of all training items; i.ef(DB) =
{(i,£(DB)) :i T 1}, whereY denotes the target attribute.

Feature generation query 7, (DB), i 1 | andr 1 R: It
returns the feature vector of itami.e., the features generated
by aggregating iteniis data in regiorr. Note that the item-
table features that do not change over regionsabways
available for every region. In the motivating exdeng; (DB)
returns the Category, R&D Expense, Regional Prafit
Regional Max AdSize of iternover regiorr. We usef,(DB)

to denote the table with attributekD( X) that contains the
feature vectors of all the items in regigni.e., 7,(DB) = {(i,
f;i,(DB)) :i1 1.}, whereX is the set of feature attribute names.

Cost query 4(DB), r T R: It returns the cost of collecting
data for a new item from region E.g., A;1.1, wi(DB) is the
cost of selling an item for a week in WI and puitithe
transaction information into the historical datab@s.

Predictive model h(x), r 1 R: It is a model (e.g., a linear
regression model) trained using data in region.e., the

training set for the model i€(DB) > #[DB) = {(f;,(DB),
HOB)):il 1}

Error measure Error(h): It measures the error (e.g., cross-
validation root mean squared error) of moldel

CoverageCoveragér), r T R: It is the fraction of items im
that have data in region i.e., |/|l|. Intuitively, we want
regionr to contain as many itenis | as possible. Otherwise,
even if the model built on regianis very accurate, it is only
accurate on a small subset of items.

Definition 1: Basic Bellwether Problem. Given historical
databaseDB, candidate region seR, training item setl, target
query ¢, feature queryf, cost queryk, and error measurdrror,

find the regionr T R such that Criteriofk(DB), Error(h,),

Coveragé¢r)) holds Such a regionr is called thebellwether

region for item setl. The model hbuilt using data in the
bellwether region is called thebellwether model

Note that in the above definitio@riterion can be instantiated in
various ways. Two possibilities are:

Constrained optimization criterion: Findr T R such that
Error(h,) is minimized subject té&(DB) £ B andCoveragér)
3 C, whereB is a user-specified budget, a@is a user-
specified coverage threshold.

Linear optimization criterion: Findr1 R such thaError(h,)
+ w; 4(DB) - w,Coveragér) is minimized, wherav;, w, are
user-specified weights.

In this paper, we will only consider the constrairaptimization
criterion. Regions that satisfy the constraints calted feasible
regions Also note that computinderror(h,) involves training
model h, on training set {;,(DB), #(DB)) : i T 1}, which is
created by queries over data in regiotn Section 3, we develop
an efficient algorithm for the basic bellwether iplem.

3.3 Item-Centric Bellwether-Based Prediction

In the basic bellwether problem, we find a singlkelivkether
region for the entire sétof items that minimizes an error measure.
Given a new item, we can use the model built onbiblévether
region to predict this item’s target value. Howeubere are two
possible problems:

The best region found from the historical databasg not
generalize to new items. This is the over-fittimglgem [13]
discussed in the Machine Learning literature.

Different subsets of items my have different bebaviFor
example, [¥ week, Wisconsin] may be a bellwether region
for laptops, but for desktops, the bellwether ragmight be
[1%' week, Maryland].

Thus, to best predict the target value of an itemtake an item-
centric approach and define the item-centric beteeproblem.

Definition 2: ltem-Centric Bellwether Problem. Given the same
input as that of the basic bellwether problem andeav item i
find the regiorr T R such thatf; (DB) best predicts;(DB) with
k.(DB) £ B (a user-specified budgetSuch a region is called the
bellwether region for item i

Note that, technically when we predict the targauge of a new
itemi, we do not actually have data aboint DB. Thus, the item-
centric bellwether problem is defined based ome fpoint in the
future; i.e., after all the data abouhave been put iDB, the
bellwether region for i should be the one such tha(DB) best
predictst,(DB) with & (DB) £ B. However, since the new iteinis
not in DB, we cannot evaluate how weil,(DB) predicts¢(DB).
Thus, to find the bellwether region farwe need to “learn” the
concept of the bellwether region from the properté historical



items. In Sections 4 and 5, we present two mettiod$inding
bellwether regions of new items.

3.4 Discussion and Extension

The above problem definitions are fairly generdieTcandidate
region set can contain regions of any form (notessarily
combinations of dimension attribute values), andé feature
generation, target generation and cost queriesisanbe arbitrary
functions (not necessarily aggregate-select-joinL Sfperies).
Although the efficient algorithms in this paper gppnly to the

special case mentioned above (which is actualljyfgieneral),
we would also like to point out some other casesttow the
richness of the problem and the opportunities diture research.

Combinatorial bellwether analysis: We previously defined
bellwether candidates to be regionsRnNow, a candidate

is a combination of regions; i.& R. Equivalently, we can
specify the candidate region set to e Phe search space of
combinatorial bellwether analysis is extremely it and
large, which opens the possibility of finding betbellwether
region combinations but requires further techniques
efficiently search through the space.

Multi-instance bellwether analysis: Previously, we defined
the feature generation quefy(DB) to return a feature vector
for item i aggregated over data in region Now, 7;,(DB)
returns a set of feature vectors in regiofor itemi without
aggregation. Thus, each training example consists set of
feature vectors and the target value for that™abk setting is
non-standard and similar to multi-instance leari2@j.

Relational bellwether analysis: Some relational predictive
models [5] do not need to make predictions baseteature
vectors. They can use the whole historical relaiatatabase
to predict the target value of a new item. In tase,f; (DB)
returns a relational database consisting of the alabut item
in regionr and the sub-database BB that is considered
“historical” from regionr’s point of view.

Automatic feature generation: In the current formulation,
the user needs to specify the feature generatieniegu Since
the number of possibly useful queries can be hitgés
desirable to have an automatic feature generat@nework.

Also note that, although bellwether analysis magklgimilar to

feature selection (which goal is to select predecfeatures), they
are orthogonal problems. In fact, the models usebellwether
analysis can employ feature selection techniquesweder, a
unique idea of bellwether analysis is that collegtfeatures from
a region requires a region-dependent cost. Findingst-effective
region is important since useful features are Ugualt cost free.

4. BASIC BELLWETHER ALGORITHM

Ideally, if we have unlimited resources, as longtes candidate
region set is finite, we can iterate through adl tandidate regions,
and for each region, issue a query to create @ingaset and learn
a model from that training set, and finally picketimost cost-
effective region as the bellwether region. Howewrreality, this
computation is very expensive, and we need anigfi@lgorithm.
We now consider an interesting instance of thecbbsllwether
problem and develop an efficient algorithm.

4.1 OLAP-Style Basic Bellwether Search

For efficient computation, we structure the spagectinsidering
OLAP-style schemas, regions and aggregate queflése
historical database has a star schema;DB.= {F, T4, ..., Tp},
whereF is the fact table (e.g., OrderTable) andis a reference
table (e.g., temTable and AdTable). The link betm€ andT; is

Table 1. Operators of extended relational algebra

Sip=i 7+ F | Select all the tuplesin F such that[ID] =i and
’ t[Z] in regionr.
as 1 F  |Aggregate oveF group byG and for each grot
compute aggregate functidéfp). If G is omitted
a aggregates all d¥.
P, F Project F onto a setZ of attributeswithout
duplicates.
F>T Natural (key-foreign-key) join between tables.

through a natural (key-foreign-key) joiR. has two special kinds
of attributes:ID is the attribute containing the item IDs, and
Z={Z,, ..., Zg} is the set of dimension attributes (e.gTirhe
Locatior}), each of which has a dimension structure (e.guie
2). We consider two kinds of dimension structures:

Interval dimension: The values in the dimension are intervals
(e.g., week 1-5). The values recorded in F are finists (e.g.,
week 4). Currently, we only consider incrementakivals
(i.e., from time 1 to time t), but in general thean be defined
by different kinds of windows.

Hierarchical dimension: The values in the dimension are
organized as a tree. The values recorded in Ftahe dowest
(i.e., leaf) level (e.g., State level) of the tree.

Each combination of dimension attribute values rdefi a
candidate region (e.gR = {[1-1, AL], ..., [1-52, All]}). The
target generation querg(DB) can be arbitrary since the target
values do not change over different regions andd ntee be
generated only once. The feature generation qugrDB)
consists of a set of stylized aggregate-select-@@L queries,
each for an element of the feature vector. The $asfrthe stylized
queries are as follows (Table 1 summarizes the abper we
consider):

aien Sip=i, zir F It returns an aggregate vali@.A) (e.g.,
sum, min, max or average) of attribteof tableF for itemi
over regionr. E.g., @sunprofiy S ip=i, zi r OrderTablereturns the
total profit of itemi in regionr.

arny ((Sp=i, zir F) > T): It returns an aggregate value of
attributeA of tableT for itemi over regiorr. E.g., @mayadsize
((Sip=i, z1 r OrderTable) > AdTable returns the largest size of
advertisement for itemin regionr.

air.n (Pex Sip=i, zi + F) > T), whereFK is the foreign key i

that links to the primary key of: It returns an aggregate
valuef(T.A) of attributeA of tableT for itemi over regionr.

The projection ontd-K ensures that each matching rowTof

is considered only once in the aggregate, eveh rfatches
multiple F tuples. E.g.Asunadsizs ((@adno Sip=i, zi r OrderTable)

> AdTable returns the total size of advertisements used for
item i in regionr, where each individual advertisement is
counted once.

For the cost quenk;(DB), we assume the user provides a cost
tableC with attributes Z, Cos) describing the cost of each finest-
grained region. The cost of a larger regidB aicosy Szi r C, €.0.,
the sum of costs of all the finest-grained regiions Finally, note
again that we only consider the constrained opttion criterion.

4.2 An Efficient Algorithm

The basic ideas of the algorithm are: (1) we cam@rregions
with cost >B and coverage €, so that no model is built for those
infeasible regions; and (2) we can generate theitigasets for the
feasible regions all together, so that data cubmpedation



techniques can be applied. In fact, the generatfotie training
sets for all the feasible regions can be writtera asngle OLAP
query and optimized.

First, we rewrite the three forms of feature getienaqueries into
the following equivalent forms:

air.m Sip=i,zir F ® Sz p=i, @z ira) F

air.y ((Sip=i,zir F) > T) ® Sz ip=i @zpsry(F > T)

air.ny (Bex Sip=i,zic F) > T) ®

Sz=rip=i @zpsra (B F) > T)

Note that here we assume the aggregate operattwrmpsrthe
CUBE operation [7] on the dimension attributes;, i& o iF.a) F
returns a relation containing an aggregate valuiérod) for each
region (identified by attribut&) and item (identified by attribute
ID). Thus, the selection condition in the rewrittenniis becomes
Z =r, rather tharZ T r. If we remove the selection, each query
actually returns a table containing a feature facheregion and
item. By joining these tables dB andZ, we obtain all feature
vectors of all the items in all the regions. Théw, joining the
resulting table with/(DB) (the table containing the target value
for each item) oriD, we associate each feature vector with the
target value.

The cost constraint and coverage constraint cantesexpressed
in OLAP queries.f7 Ssuncosyes @zsumcosy C returns the regions
with costf£ B. 0 Scoungpycr @zcoungpy (F > 1) returns all the
regions with coverage C, wherecoun{ID) counts for distinctD
values,| is a table with a single attribut® specifying the set of
items of interest, an@* = CHl| is a constant.

Putting everything together, if the feature vectdritem i in
regionris @y Sip=izir Fr @iyrn (Sip=izic F) > T),

aiyr.hy ((Bek Sip=iziv F) > T) . The query to generate all the
training sets is as follows:

t(DB) > (azipfuEaF) > (Azipsry (F > T)) >
(@ziptara (B F) > T)) >

0z Ssun(Cos)£B 4z sun(Cos) C) »

(o2 Scoun(IDy: ¢+ @z,coun(ID) (F>1)

To efficiently evaluate this query, we can firseuseberg cube
techniques [1, 9] to find all the regions satisfyithe constraints,
and then apply techniques for simultaneously comgunultiple
aggregate functions [3]. The details are omitteddok of space.

After generating the training sets for all the felsregions, we
simply build a model for each feasible region andleate the
error of that model. Then, the region having th@imum-error
model is the bellwether region.

5. BELLWETHER TREE

Now, we consider the item-centric bellwether-bapeediction.
The basic idea is that to find the bellwether radior a new item,
we first identify a subse® [ | of historical items similar to the
new one, and find the bellwether region ®rin this section, we
introduce the bellwether tree, where items haviriffergnt
characteristics are recursively partitioned based item-table
features. In the next section, the bellwether cisbmtroduced,
which uses predefined item hierarchies to grouplairitems.

A bellwether tree is similar to a decision/regressiree. Each
node in the tree has a splitting criterion (e.deRpenseé 50K)

that partitions a set of items into several parswever, at the
leaf node, unlike a decision/regression tree thedlipts the target
value directly based on the items in that leaf, fivel the

bellwether region for the set of items in that lead use that
region to serve as the bellwether region for anw iitem that
would be sent to that leaf. Figure 3 shows an elatellwether

constraints

RDexpensé& 50K

NV Nes

Category [1-1, NY]

DesktoV

[1-2, WI]

\\Laptop
[1-3, MD]
Figure 3. An example bellwether tree

tree, where for items with RDexpen3e50K, [1-1, NY] is the
bellwether region, while the bellwether region for item with
RDexpense < 50K depends on what category the itdamgs to.

The features used in the splitting criteria are iteen-table
features which do not depend on regions and are knowrmet t
time when we want to predict the target value foy gaem. Thus,
we redefine the item sétto be a table (e.g., the ItemTable in
Figure 1) with attributeslD, Ay, ..., A,), wherelD is the column
for item IDs andA,, ..., A, are the item-table features (e.g.,
RDexpense, Category) can be categorical or numeric. To avoid
confusion between item-table features and feayeasrated from
regions (i.e.f;;(DB)), we call the latteregional features

In the rest of this section, we first adapt thendtad regression
tree construction algorithm to build bellwetherese The idea is
to use the bellwether models for the subsets ofstén the

branches of a split to define how good the splitTiken, we

recursively create child nodes by using the bektssplowever,

the naive recursive tree construction algorithrmag scalable.
Thus, we extend the Rain Forest [6] algorithm tdenaellwether
tree construction scalable. The main result is #atprovide a
sufficient statistic for evaluating the goodness afsplitting

criterion that can be plugged into the Rain Fofreshework.

5.1 Naive Bellwether Tree Algorithm

Similar to a decision/regression tree constructtgorithm (e.g.
[15]), the key component of the bellwether tree stnrction
algorithm is the method for choosing splits at iternal nodes.
Intuitively, we want to pick the criterion that piiobns a set of
items into several parts, each of which needs derdift
bellwether region. Note that the reason for usiriffer@nt
bellwether regions for different subsets of itersstd reduce
prediction error. Thus, instead of trying to idéntsubsets of
items having different bellwether regions, we takenore direct
approach. That is, for each node, we try to find #plitting
criterion such that after we split (and find thdlwether region
for each child subset of items), the expected ptiedti error can
be reduced the most. We call the amount of errducgon the
goodnesof a splitting criterion. Now, consider that we nwao
find the splitting criterion for node with setS of items. Let
Error(h, | S) denote the error of the mode! built on regionr
using the se6 of items (i.e., trained on f(,(DB), #(DB)) :i 1
S}). We consider all the possible splitting critefta each feature
A, and pick the best one:

If A is categorical, we denote the possible splittintedon
by Ay . Let the possible values 8f bea,, ..., a,. Then, A
splits S into n child partitions, each of which is for a valag
Let S, © sa=s S denote thepth child partition. The goodness
of the splitting criterionA is:

GoodnessAy ) = [SpError(h, |S) - ISPErTor(h | S,),
wherer is the bellwether region fo8, r, is the bellwether
region forS,, and §| denote the number of itemsSn

If A, numeric, we denote a possible splitting criteriyn A,,
b, whereb is the splitting point. The set of all possible
splitting criteria forA is { A, (@+a.1)/2 i =1, ...,n-1},



wherea, ..., a, are the (sorted) distinct values Af Then,
A, b splitsSinto two child partitionsS, © sp« S ands; °
SaepS. The goodness ofy, b is:

Goodness Ayb ) = [SpError(hi|S) - i (1.2 ISpPErTOr(hy IS;),
wherer, r, andr, are the bellwether regions f& S, andS,,
respectively. If the number of possible splittingirgs is too
large, we can consider only the points at a smatilver (e.g.,
50) of the percentiles @, ..., a,.

The set of all possible splitting criteria at a ead { A, : for
categorical featurd} E { A, (a+a.1)/2 : for numeric feature
A, andi = 1, ..., n-1}. A naive algorithm to construct a
bellwether tree is to recursively split each nogechoosing the
best splitting criterion at that node until soment@ation
condition holds. Currently, we use a simple terrioracondition:
stop if the number of items in a node falls undénrashold. The
algorithm is shown in Figure 4. To avoid over-fiti [13], after
the tree is constructed, standard pruning techsigeeg., the
minimum description length principle [16, 12], che applied.
We omit the details since this is well known.

To predict the target value of a new itgnwe first pass the item
down the tree to a leaf node based on its itenetfgaltures. Then,
the bellwether regiom for the item subse® in this leaf node is
used as the bellwether region for the new item.sThe spend
the budget to collect data from this bellwetherioadfor itemj,
and put the data into the databd@3B. Finally, we predict the
target value of by using/,(DB) as the input to the bellwether
model (trained on {;,(DB), #(DB)) : i1 S}) of this leaf node.

5.2 RF Bellwether Tree Algorithm

Note that, in the naive bellwether tree algorittam, each node,
each splitting criterion, and each child partitiproduced by the
splitting criterion, we solve a basic bellwetheolpem. Solving
this problem requires reading the training setsafbthe feasible
regions once. We call the dataset that containgr#direing sets for
all the feasible regions ttemntire training data. Since we cannot
generally assume that the entire training dataiditsiemory, the
naive bellwether algorithm will scan the entirartiag data about
I>m times, where is the number of levels of the tree, ands the
number of splitting criteria considered at each enofBecause
each node partitions the item set into non-oveitapgubsets of
items, the union of all the training examples flbitkee nodes at a
level is, in fact, the entire training data.) Wewse the item table
| fits in memory, because although the number ofstrations can
be very large, the number of items is usually mbdes

To reduce this tremendous cost, we extend the RedsF (RF)
algorithm [6] (designed to efficiently learn a rémudecision tree
from a disk-resident dataset) to our setting. Tasididea of the
RF algorithm is to scan the entire training dataeoper level of
the tree, and during the scan, collect all theigefit statistics for
determining the splitting criteria for all thective nodes at that
level. An active node is one that has not met #reninhation

condition. From the definition of the goodness ofsglitting

criterion ¢, the sufficient statistic for computing the goossief
splitting criterion ¢ is { Error(h, | S), S| : for each child
partition S, produced byc}, where Error(hr |Sp) is the error of
the model built on the bellwether region for thattjtion, and $,|

is the size of the partition. Note th& pndError(h, | S) have
been computed when we process the parent of thiis.no

By the definition of a bellwether regiok&sror(h, | S;) = ming g
Error(h; | Sp). Thus, we can create an entry for the minimurarerr
of each possible child partitic®,, and obtain the minimum error
for all S, by a single scan over the entire tralnlng data, (going

Naive Bellwether Tree Algorithm

call SplitNode(Root node, Item set);
Prune the resulting tree;
function SplitNode(Nodey, Item setS)
if the termination condition holdken return;
foreach possible splitting criterion
foreach child partitionS, created by
Find the bellwether region &,
EvaluateGoodnesg);
Pick criterionc* that has the maximum goodness value;
Create child nodeg, ..., Vv, based ort*;
foreach child nodev,

call SplitNode,, S,);

RF Bellwether Tree Algorithm

foreachlevell of the tree
foreach (active noder at levell, splitting criterionc)
foreach (child partitionp) SetMinError[v, c, p] = ¥
(In the following, scan the entire training dataxen
foreachfeasible regiom T R
Read in training sdd, for regionr;
foreach active noder at levell
foreach possible splitting criterion
foreach child partitionS, created by
Build a modeh; on regiorr for S;;
if Error(h; |S;) <MinErrorl[v, ¢, p] then
MinErrorlv, c, p] = Error(h, | Sp);
Sizgv, ¢, p] = [Sl;
foreachactive noder at levell
foreach possible splitting criterion
ComputeGoodnesk) from
MinError[v, c, p] andSizgyv, c, p], for all p;
Splitv based or* that has the best goodness value;

Figure 4. Bellwether tree algorithms

that for simplicity, we just show the algorithm pesponding to
RF-read [6], and assume the sufficient statistmsdny given
level fit in memory. Other techniques (e.g., RF4tigbproposed
in [6] that further improve the efficiency can alse applied here
in a similar manner.

Lemma 1. The RF bellwether tree algorithm produces the same
tree as the one produced by the naive bellwetleeraftgorithm It
scans the entire training data | timeshere | is the number of
levels of the tree

6. BELLWETHER CUBE

Similar to a bellwether tree, a bellwether cubed$indifferent
bellwether regions for different subsets of iteidewever, unlike
a bellwether tree, in which item subsets are induog the tree
structure, the item subsets in a bellwether culgedafined by
item hierarchies. Figure 5 shows an example of ftitgm
hierarchies. For example, [Hardware, Low] represéhe subset
of items that belong to the Hardware division aagiehlow R&D
expenses, and the bellwether region for it may ifferdnt from
the bellwether region for item subset [Desktop, JAnA
bellwether cube systematically finds the bellwethegion for
each sucltube subsedf items induced by the item hierarchies. It
not only can be used to predict the target valua oéw item, but
also is an exploratory tool for rollup and drilldoanalysis.

In the rest of this section, we first define beliher cubes and
show how to use them to perform bellwether-basediption and

thrOUgh eachll R) The algorlthm IS presented in Flgure4 Note conduct ro”up and drilldown ana|ys|s Then, a m@an



Item Hierarchy: Category Item Hierarchy: RDExpense [All, All]
Level Hierarchy Tree Level Hierarchy Tree [Divisionﬁl] hl,Range}:
Al Any Al Any c ﬁ” (DS { @AII . ]3
ategory ivision, Rang , Expens
Division Software Hardware- - Others Range Low  Medium-- High [CategoryRangé [Division, Expensg
N NN N SN/ ~
Category Desktop --- Laptop Expense  100K.... 1M [Category Expensg

Figure 5. Example item hierarchies

bellwether cube construction algorithm is presenteal further
improve efficiency, we transform model constructioto efficient
data cube computation based on the frameworks cjgeelin [2]
and [4]. The main technical contribution here iattive show
building weighted least squares linear models aadhputing
training-set means squared errors for such modals ke
formulated as an algebraic function, which can ffeciently
computed using data cube computation techniques.

6.1 Cube Subsets of Items

Similar to bellwether trees, the training item ké$ extended to
an item table (e.g., ltemTable in Figure 1) withribtites (D,

A, ..., A), where eact®\ has an associated item hierarchy (e.g.,
Figure 5). All the values of recorded in the item tableare at
the lowest (leaf) level of the hierarchy. Each cormabon of
values (nodes) of the hierarchies definesube subseof items.
E.g., [Desktop, 100K], [Hardware, 1M], [Any, Lowhd [Any,
Any] denote cube subsets of items at differentlei€ategory
Expensg [Division, Expensg [All, Rangé and [All, All].
[Desktop, 100K] represents the subset of itemsofd in I)
havingA,;=Desktop and\,=100K; [Hardware, 1M] represents the
subset of items wittA; being a leaf value under the Hardware
node and\,=1M, and so on. Figure 6 shows all the levels irduc
by the two hierarchies in Figure 5. As suggested/18], the
levels are organized in a lattice structure. Théection of all the
cube subsets contains all possible combinationgloies (nodes)
at all possible levels. We call the cube subsetheatowest level
(e.g., the Category Expensglevel) thebase subsets

Note the difference between the item tdbéed the fact tablE:

Item table | (e.g., ItemTable in Figure 1) provides
information about items independent of candidatémether
regions; i.e., this information is always availabien we
predict the target value of a new item. We usébattes of the
item table to create subsets of items. In OLAP ieoiogy,
the item hierarchies (e.g., Figure 5) are in faetdimensions
of the item table. To avoid confusion, we call theensions
of the item table thé&em hierarchiesand regions defined by
the item hierarchies thieem subsets

Fact table F (e.g., OrderTable in Figure 1) provides
information about items in the candidate bellwettagions.
We reserve the tergimensiongo mean the dimensions (e.g.,
Figure 2) of the fact table, and the teregionsto mean the
candidate bellwether regions defined by combinatiaf
values of these dimensions.

6.2 Bellwether Cube and a Naive Algorithm

Given the inputs specified in Definition 1 withextended to an
item table with associated item hierarchies, awsher cube is
{S, rs : for each cube subs& of items}, whererg is the
bellwether region for subse$ of items. The reason that this
collection is called @ubeis that this collection is similar to a data

Figure 6. All the levels of cube subsets

cube [7] with the only difference that, in a databe, rs is
replaced with an aggregate number (e.g., sum ofxB&wese over
all the items in the subs&). Note that, to identify a bellwether
region for subse$, we build models for items iB. Each model is
trained on a dataset (generated from a region)yhich each
training example represents a distinct itenSirThus, if the size
of Sis too small, the models may be trained on toodgamples.
Thus, in practice, the user can specify a sizesttoielK, such that
a bellwether cube only includes cube sub&etwth [S| 3 K. We
call these subsets of items #ignificant subsets

A bellwether cube can be used to predict the targlete of a new
item and is also an exploratory tool.

Prediction for a new item: To predict the target value for a new
item i, we try to use historical items similar toto find the
bellwether region for item In the bellwether cube context, items
that co-occur in a cube subset are consideredasintiituitively,
the similarity decreases as the level of the culbset goes higher
and higher. In the extreme case, the cube subsay, [Any]
contains all the items with the lowest similarifjhus, given the
new itemi, we first identify all the cube subsets that imgic For
example, if itemi hasF,=Desktop and=,=100K, then the cube
subsets that include are: [Desktop, 100K], [Hardware, 100K],
[Desktop, Medium], [Any, 100K], [Hardware, Medium],
[Desktop, Any], [Any, Medium], [Hardware, Any], anfAny,
Any]. The bellwether regions for these subsetsteins are the
candidate bellwether regions for predicting itgnbecause the
items in each of these subsets are similar to itéwith different
similarities). Then, we pick the candidate bellvegthegion whose
bellwether model (the model built on that bellwethegion) has
the lowest upper confidence bound of error (defibgdthe P%
confidence interval of the error, wheR is a user-specified
parameter) to be the bellwether region for itemWVe use the
confidence bound instead of the lowest error, s the picked
bellwether region will both have low error and texdée.

Similar to a bellwether tree, after choosing theecgsubset of
items and the corresponding bellwether regiprwe spend the
budget to collect data for iteinfrom regionr and put this data
into DB. Then, the bellwether model built enfor S is used to
predict the target value oby taking/;,(DB) as the input.

Rollup and drilldown analysis: Since a bellwether cube is very
similar to a data cube, the cross-tabular userfade of a data
cube that supports the rollup and drilldown operaican also be
applied here. Just like a data cube, each cubessubsitems
corresponds to a cell in the cross tabulation. drtig difference is
that, instead of showing an aggregate number ¢ewnt or sum),
we show the bellwether region or the error of tredlviether
model built on that region for each cell in the ssdabulation.
Rollup and drilldown are operations that changelévels of the
cube subsets presented in the current cross tabuld&y using
these operations, the user can explore the spacdiffefent
subsets of items at different levels to understtred bellwether



behavior of the database. We omit the details @iuser interface,
and note that a more thorough treatment of applifiegdata cube
interface to predictive models can be found in [2].

Naive algorithm: If we have unlimited resources, we can just
enumerate the cube subsets of items, and for esoh subset,
apply the basic bellwether search algorithm to finel bellwether
region for that subset.

6.3 Single-Scan Bellwether Cube Algorithm

It is obvious that the naive algorithm is very fiwént, since for
each cube subset of items, we need to solve a badligether
problem for that subset. However, because the subeets are
nested, by carefully sharing the computation, itp@ssible to
improve the efficiency. Also, if we have large egbumemory, we
can build a bellwether cube in a single scan ower éntire
training data, which consists of the training $etsall the feasible
regions. In this subsection, we describe the siagém technique.
We discuss the technique that exploits shared ctatipn in the
next subsection.

In the following, we assume the size of main mermiergt least
O(n), wheren is the number of significant cube subsets of items
i.e., the main memory is large enough to simultasgohold a
small amount of size-fixed data for each significambe subset.
Since the number of items is usually modest, thenbrar of
significant cube subsets of items is usually alsal@st. Thus, it is
reasonable to assume the number of significant subsets can
fit in memory. If the number of significant cubebsets cannot fit
in memory, we can partition these cube subsetsseteral parts
such that each part fits in memory. However, fondicity, we
omit the details.

Let rs denote the bellwether region for item sub&:t By
definition, Error(h,_ | S) = min; g Error(h, | S). Thus, similar to
the RF bellwether tree algorithm, we can keep anydor each
cube subse$ of items in memory, and scan the entire training
data (i.e., going through eachl R) once to find the regiong
that has the minimum error. The algorithm is shomifrigure 7.
Note that we omit the details about how to selaptiicant cube
subsets of items because this can be done by bergquery, for
which computation techniques are well known [1,.19]

Lemma 2. The single-scan bellwether cube algorithm outphiés t
same bellwether cube as the naive algorithm imglsiscan over
the entire training data

6.4 Optimizing Repeated Model Construction

Now, we describe the techniques to share the catipat of

building models on nested subsets of items. No&, tim the
single-scan bellwether cube algorithm, we build @det for each
significant cube subset of items, and these culbsets may be
nested. For example, we may build models for cullesets:
[Hardware, Medium], [Any, Medium], [Hardware, Anyhnd

[Any, Any], where the first one is included in tfalowing two,

and the first three are included in the last one.

Let us first review how to take advantage of thésted-subset
structure in regular data cube computation, wheeewant to
compute an aggregate function (e.g., sum and ameffag each
cube subset. It is well known that if the aggregatection is
distributive or algebraig the aggregate values for all the cube
subsets can be computed efficiently [7]. Bgt ..., S, be subsets
of items that partitiorg; i.e., E;S =S, SCS§=Aforitj. An
aggregate functiohis distributiveif there is a functiom such that
f(S) = q({f(S) : i =1, ...,n}). SUM, and COUNT are examples of
distributive functions. An aggregate functibis algebraicif there
are a functiorg that returns a fixed-length tuple and a functipn

Select all the significant cube subsets of itemaity
iceberg cube query ovér
foreach significant cube subs&of items
SetMinError[S] = ¥;
(In the following, scan the entire training dataxen
foreach feasible regiomT R
foreach significant cube subs&of items
Build a modeh;, onr for S;
if Error(h, | S) < MinError[S] then
MinError[S] = ¥;
BellwetherRegiofg] =r;
OutputBellwetherRegiofg] for eachS;

Figure 7. Single-scan bellwether cube algorithm

such thaf(S) =q({g(S) : i =1, ...,n}). All distributive functions
are algebraic, andhvG is another example of a distributive
function, whereg(S) returns SUM(S), COUNT(S) , andg sums
up all the sums and counts separately and thedetivihe total
sum by the total count. See [7] for details.

Observation 1.Fixing regionr, if Error(h, | S) is a distributive or
algebraic function ofS, then data cube computation techniques
can be directly applied to efficiently compute ¢neors for all the
(significan) cube subsets of items for region

Note that knowingerror(h, | S) for all feasible regiom and all
significant cube subse§ of items is sufficient to build a
bellwether cube. Thus, we focus on error computatiostead of
model construction, although model constructioersedded in
the error computation.

Following the observation, iError(h,; | S) can be computed by
distributive or algebraic aggregate functions, wan aeplace
“foreach significant cube subsBtof items, build a modéi, onr
for S’ (i.e., line 7-8 of Figure 7) with a data cube gu¢hat
returns the error value for each significant cubbesst. We omit
the details of the data cube computation, forweédi known.

Now the question is how to malgror(h, | S) a distributive or

algebraic aggregate function & It depends on what kind of
predictive model is used. For classification mogd€lsen et al. [2]

developed a scoring function decomposition techaigwhich

allows test-set-based accuracy (equivalently, o@mmputation to
be treated as computing distributive or algebraggregate

functions if the model used is distributively orgebraically

decomposable. For indecomposable models, an appatgn

technique called probability-based ensemble was f@isposed to
make the model distributively decomposable with maals

accuracy drop. These techniques can be directlyeabipere.

For regression models, Chen et al. [4] developéechnique to
efficiently build ordinary least squares (OLS) kmeregression
models for nested cube subsets. In the followingewtend their
technique in two ways. First, our technique notyatdn handle
OLS linear regression models, but also weightedtlsguares
(WLS) linear regression models, which are usualgedi in
Statistics to handle aggregated target values, (total sales).
Second, our technique directly transforms the cdatmn of
training-set mean squared errors of WLS linear n®de the
computation of algebraic aggregate functions. Nbt because
linear models are simple models, training-set srrame usually
good estimates of the true errors of the models. é3perimental
results also suggest that the behavior of traisitgerrors is very
similar to that of cross-validation errors for laremodels.

We first review some basics of linear regressiomiei® (see [18]
for details). LetX = (X;;) be ann” p matrix, where each row is a



training example, and each column represents arigate., X is
the jth feature valukof examplei. Note that we have training
examples, each of which hasfeature values. For simplicity, all
the features are assumed to be numericYLet(Y;) be a column
vector with lengthn, whereY; is the target value of théh
example (i.e., row) inX. Let W = (W;) be ann"n positive
diagonal matrix (i.eW,; = 0 fori * j andW; > 0 fori = 1, ...,n)
which specifies the weight for each example; iW; is the
weight for theith example inX. A linear regression model is
written as Y; = X 4 + &, whereg, j =1, ...,p, are the model
parameters, and is the error term for thgh example. We use a

p-element column vectob to denote all the model parameters.

The OLS linear model is the that minimizes ; (Y; - | X;; £)*
and the WLS linear model is thethat minimizes ; Wi;(Y; -
Xij b,)z. Note that, wheW,; = 1 for alli, the WLS linear model
reduces to the OLS linear model. Thus, we only icemghe WLS
linear model. According to [18], the WLS linear nebds:

bwis = XOVX) l(XWVY),

whereX¢denotes the matrix transposeXafBy a straightforward
matrix derivation, we obtain the weighted sum afa®d errors:

iWL(Yi - X B)7 = (Y - Xbuis)WV(Y - Xbus)
= YOVY - (XONY)EXWVX) (XY,

and the weighted mean squared error is the aboaetityudivided
by n-p, which is the number of degrees of freedom. Not t
Y®NVY is a numberX®VX is ap” p matrix, andX@nNY is ap’ 1
vector. None of their sizes depend on the numbexafples (i.e.,
n), but having these is sufficient to obtain the Wirgar model
and its training-set (weighted) mean squared error.

Let S be a cube subset of items, &d..., S, be subsets & that
partition S. We useX, Y, W andX,, Y\, W, to denote the feature
matrix, target-value vector and weight matrix ®rand S, (k =

1, ..., m), respectively. Let SSES) denote the (weighted) sum of
squared errors of the model trained on a given region using
items inS. Then, we have the following theorem.

Theorem 1.SSK(S) is an algebraic aggregate function 8fi.e,
SSE(S) =q{g(S) :i =1, ...,n}), where

9(S) = YONKY i, Xk®ViXi, Xk Y, and

a{a(SIN = ( kYkWVY)- ( XK@V 1 XIBVIXi) (kXY ).
Proof. (1) The size of the returned valueg§f) is 1 +p" p + p,
which is fixed (i.e., independent of the sizeSaindS,). (2) By a
straightforward matrix derivation, we can see tN&ivVy =
Y ®VY . XOVX = X N X andXeny = k Xk®VY . Thus,
q{9(S)}) indeed returns th&SK(S).

7. EXPERIMENTAL RESULTS

In this section, we present the experimental resWie first show
that bellwether regions do exist in real datasatel bellwether
trees and cubes may improve the prediction accuoxey the
bellwether region found by the basic bellwetherceaWe then
demonstrate efficiency and scalability of the prsgmbalgorithms.

7.1 Mail Order Dataset

The mail order dataset contains transaction recafda real
catalog company for the year 1996. It contains 3.,6éms and
4,591,581 transactions. After removing outlier§1®, items and
the associated 4,030,335 transactions were selefttedthe
following analysis. The fact table contains tratieexs of the
orders, each of which records an order of a siiigm at a
specific time and from a specific location with thet profit

! To include a constant term in the regression modek; setways to 1.

earned from that order. A candidate region is @efiby a time
interval (e.g., first two months) and a locationg(eMidwest) in
the US. The time and location dimensions are sindahose in
Figure 2 with the following differences. For thend dimension,
instead of weeks, we consider the 1st month, 1-8ths ..., and
1-10 months. For the location dimension, the lewals State,
Division, Region, and All. The cost of each regisrdefined by
mn, wherem is the number of months in the time interval and
the number of zip code areas in the location dividg 100.The
goal is to find a cost-effective region such thhe tfeatures
generated from that region can best predict thaltptofit of an
i