








Relative Comparision for DM metric with both L-diversity and
K-anonymity constraints
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Experiment 5:-(Adult, DM, < K-anonymity, Length>): This
run was same as the previous one, but using the Adult
data set. In seven out of the nine of the dimensions
(Age, Geography, Race, Working class, Occupation,
Education, Marriage) we imposed a minimum length
requirement equal to twice the inter-split distance.
Fig. 9 shows the results. Here as well the enumeration
algorithm does well for all values of k as compared to
the greedy approach, therefore confirming our intuition
from the previous experiment.

Experiment 6:-(Coil, DM,<K-anonymity,Length>): In
this experiment a minimum length equal to twice the
inter-split distance(minimum possible) was imposed on
all the five dimensions of the Coil dataset. Fig. 10 shows
the result.

Experiment 7:-(Adult, DM, <K-anonymity,L-diversity>):
We compared both the approaches when [-diversity re-
striction together with the k-anonymity is applied on
the Adult dataset. We have taken occupation dimen-
sion as the sensitive attribute which has 14 different
values, similar to [4]. For this experiment we have kept
the anonymity constraint k£ constant and varied the 1-
diversity. This was done for two values of k (25 and 50).
Fig. 11 shows the result. EnumMulti outperforms the
greedy approach when [-diversity desired is more than
4 for both values of k.

In summary, the following are the significant results
of our experiments: 1) The enumeration algorithm
performs better than greedy in all experiments and
performs significantly better than greedy for higher
values of k (usually more than 100), when constraints
are not applied. 2) For lower values of k (less than
100) and when constraints apply, greedy comes close to
solutions found by EnumMulti. 3) When constraints
are applied, EnumMulti significantly outperforms the
greedy algorithm for all values of k. 4) EnumMulti
picks close to optimal solutions under an hour for most
datasets and constraints.

More experimental results characterizing the per-
formance of priority functions and running times of our
algorithm can be found in the extended version of our
paper [14].

6 Conclusion

In this paper, we explored the problem of computing
optimal generalizations of multidimensional data under
a variety of privacy constraints. We developed an enu-
meration based search algorithm for the class of hier-
archical rectangular partitioning schemes to that can
be employed to generalize the data. In order to make
the search for the optimal partitioning feasible we de-
duced pruning criteria to reduce the search space to a
manageable size. Subsequently, we proposed a flexible
priority queue based algorithm to incorporate a variety
of search heuristics. We did extensive experimentation
using a variety of combinations of the cost metrics and
constraints motivated by some popular measures of pri-
vacy and information-loss from data mining literature.

Finally, we note that while this paper is centrally
motivated by privacy-preservation for data publishing,
the problem is in many ways similar to that of optimal
histogram construction and several other data partition-
ing problems occurring in query optimization, image
compression, parallel computing etc, where similar par-
titioning schemes have been considered [10, 11, 12, 13].
All these applications could also benefit from the cur-
rent work.
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