










Table 1: Found consideration sets example: Dense data

Consideration Sets Customers

1 {B, C} 100

2 {B, C, D} 93

3 {B, C, E} 54

4 {A, B, C, D} 66

5 {A, B, C, F} 52

6 {A, B, C, E, G} 42

7 {A, B, C, D, E, F, G, H} 327

A: Heinz 14oz B: Heinz 28oz C: Heinz 32oz

D: Heinz 44oz E: Hunts F: Delmonte
G: Other 28oz- H: Other 32oz+

varied, with few overlaps. This is because detergent
brand/sizes are not substitutes; many households buy
multiple items for different laundry tasks. Small-sized
items may serve as substitutes, as sets 1-6 contain one
small product on average. Purex and Surf bands occur
almost exclusively together, with set 6 containing all
offerings of both brands.

HACS includes a default cluster that contains all
items and represents all subsets that were not allocated
to some other cluster. The number of customers in
the default clusters is somewhat surprising, as we find
that many customers buy from a relatively large set
of items. However, few of these large sets represent
many customers, resulting in a disproportionate number
of customers falling through to the default cluster. If
our quality threshold were relaxed, this number would
fall, and a more complete market segmentation could
be achieved; however, the resulting clusters would be
of relatively poor quality. As always with unsupervised
learning, result quality depends largely on the desires
of the user, and the “true” number of clusters (hence,
the “right” values for our thresholds) hinges on finding
actionable results. In our real-data experiments, we
focused on finding a small number of clearly-defined
consideration sets, not a complete partition of the space.

4 Conclusions and Future Work

We propose a novel heuristic subset clustering algo-
rithm, HACS, inspired by the analysis of considera-
tion sets. Our main contribution is that the cluster
construction considers the special relationship among
itemsets. We also developed an evaluation method to
reflect how the extracted clusters match known ones.
Experiments on simulated data show that HACS effec-
tively identifies known clusters for both dense and sparse
datasets. HACS is a general machine learning technique
that is applicable to recommender systems and market-
ing problems such as cross-selling.

HACS could be generalized to categorical clustering

Table 2: Found consideration sets example: Sparse data

Consideration Sets Customers

1 {25, 26} 528

2 {2, 6, 7, 10} 313

3 {2, 10, 11, 18, 23, 25, 26} 359

4 {4, 5, 10, 17, 18, 24, 26} 285

5 {1, 7, 10, 14, 16, 18, 25, 26} 360

6 {2, 3, 19, 20, 21, 22, 23, 25, 26} 327

7 {0-26} 3806

0: ALLm 1: ALLl 2: ARMl

3: B − 3s 4: B − 3m 5: B − 3l

6: CHm 7: CHl 8: DASHm

9: DASHl 10: DREFTm 11: F1Ss

12: FABm 13: FRSHs 14: FRSHm

15: GAINm 16: OXY DOLs 17: OXY DOLm

18: OXY DOLl 19: PUREXm 20: PUREXl

21: SURFs 22: SURFm 23: SURFl

24: TDs 25: TDm 26: TDl

by using counts instead of binary variables for purchase
history. Further, our market segmentation could be
used as a preprocessing step for choice prediction [2],
by building a classifier for each each cluster. This could
aid accuracy by eliminating some outcome classes for
many customers, and help explain the characteristics of
customer groups.
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