





Table 7: Factor Values on several Datasets

(a) Clustering Database

(b) Clustering Database with noise

Factor SS; SS; (%) Q;: Factor SS; SS; (%) Q;:
0 1004512.17 79.24 0 282955.88 42.05
A 70244.51 14.43% | -20.95 A 56786.96 | 21.88% | -18.84
B 10330.25 2.12% -8.04 B 13818.15 5.32% -9.29
D 299262.32 61.48% | -43.25 C 3781.77 1.46% -4.86
AB 2381.00 0.49% 3.86 D 90027.69 | 34.69% | -23.72
AD 22103.82 4.54% | 11.75 AB 4749.95 1.83% 5.45
BD 6727.95 1.38% 6.48 AC 1334.71 0.51% 2.89
ABD 1785.43 0.37% -3.34 AD 27070.40 10.43% | 13.01
BD 3910.69 1.51% 4.94
ABD 2220.27 0.86% | -3.73
(c) Forest Covertype (d) KDDCup1999
Factor SS; SS; (%) Q;: Factor SS; SS; (%) Q;:
0 9098036.87 238.46 0 56655569.77 595.06
A 49027.79 10.75% | -17.50 A 3013547.76 9.31% | -137.24
B 53256.79 11.68% | -18.24 D 23751322.26 73.36% | -385.29
D 237497.69 52.07% | -38.53 AD 2567085.61 7.93% | 126.67
BD 20621.63 4.52% 11.35
(e) Auctions Government (f) Uniform30D
Factor SS; SS; (%) Qi Factor SS; SS; (%) Qi
0 139497.65 29.53 0 756337514.69 2174.19
A 55123.98 68.40% | -18.56 B 96822880.87 98.56% | -777.91
B 1484.46 1.84% | -3.05 AC 25349.34 0.03% 12.59
AB 1389.72 1.72% 2.95

1478




7. CONSOLIDATION AND RENEWED
BEARING

We were able to show which strategies are more effective
for each type of database and measure their impact in terms
of execution time. It is fairly clear from our factorial design
study results that PPSN is a very important optimization
strategy among the ones we evaluated (note that ANNS was
applied in the baseline). Such result is not that surprising
as it has the most opportunity to be applied (during ev-
ery neighborhood search process for every point evaluated).
From Amdahl’s principle and basic intuition it is what one
would expect. It is worth emphasizing that PPSN originally
proposed by Ramaswamy et al [22] was a part of their com-
petitive strawman and not a part of the best performing
algorithm on the datasets they evaluated on. Perhaps, as a
result of such design decision, it is not always exploited by
contemporary algorithms targeting this problem.

As our experimental results show, in most of the databa-
ses, PPSO has not been effective w.r.t. reducing the exe-
cution time. This result disagrees with Ramaswamy et al’s
findings [22], where the partition-based algorithm, whose
main strategy is PPSO, outperformed both the Nested Loop
and the index-based algorithms. However, we need to re-
call that, while Ramaswamy employed just ANNS to the
Nested-Loop, we employed ANNS in all experimental con-
figurations. In general, we were also able to apply ANNS
reducing the effectiveness of the former whenever PPSO is
employed. We believe that this may help partially explain
the differences between our and Ramaswamy’s results. We
should also note that most of our results are on datasets
with much larger dimensionality than those considered by
Ramaswamy et al.

Another conclusion we reached is that the strategies em-
ployed in isolation are often not a good predictor of how
they will behave in conjunction due to interaction effects.
In most of the datasets, for example, we observed that the
interaction between the strategies ROCN and PPSN was
often positive thus limiting the overall effectiveness of com-
bining them.

Finally, it is remarkable the fact that no strategy has
shown to be effective for all databases. In the Auctions Gov-
ernment database we showed that the combination of ROCO
and ANNS is able to achieve one of the best execution times.
Another interesting case is that almost no strategy is able to
reduce the execution time for Uniform30D database, what
was expected since most of the strategies assume that there
are well defined outliers. In this database, just ROCN +
ANNS was able to be effective, being able to reduce the exe-
cution time by more than 50% (from 2900 to 1400 seconds).
For the other datasets PPSN was the dominant optimiza-
tion often in conjunction with one of the others. That said,
we did observe significant improvements when we employed
ROCN, PPSN and ROCO in conjunction with one another
as can be seen from the summary table reporting all exe-
cution times. Factors ABD or ABCD are always the top
performing approach in terms of overall speedup.

Moving forward, we do believe that there is scope for fur-
ther analysis and further optimizations. In this work we did
not consider the preprocessing time or the interactions be-
tween the partitioning and clustering algorithm and the op-
timizations and factors we considered. We believe that this
is an important limitation of the current study but found

that it is hard to handle all the parameters involved (which
clustering algorithm, how many partitions etc.) as each of
them can play a role in understanding the pros and cons of
various factors.

In terms of optimizations, we believe that many steps
discussed in this process can be further enhanced to yield
greater performance benefits. One promising direction, in
our opinion, is the use of Locality Sensitive Hashing [1] as a
unified method to aid in both pruning and ranking strategies
we discussed. It has also been shown to be useful for approx-
imate nearest neighbor search algorithms which is a funda-
mental part of the canonical distance-based algorithms. We
believe that this is a promising direction of further study
and well worth pursuing. More generally faster methods to
preprocess the data, faster methods to approximate the ap-
propriate bounds of the two sides of the ANNS pruning rule
are also worth pursuing.

8. CONCLUSIONS

In this work, we considered the domain of distance-based
outlier detection, have exploited the design space of such
algorithms, and identified a region in the design space that
has been relatively unexplored.

We presented new strategies for ranking outliers and pro-
cessing them in order of their approximate ranks and per-
formed experimental results supporting that these ranking
strategies could improve existing algorithms. Furthermore,
as part of our quest to understand how various optimiza-
tions interact with one another, we conducted a full factorial
design experiment implemented on the DIODE framework.
From this experimental study we were able to draw several
interesting conclusions. First, our proposed optimization is
extremely useful for a range of datasets. Second, no sin-
gle combination of various proposals (including our own)
is always optimal. The specific combination that is opti-
mal varies greatly by dataset characteristics but we did find
that three of the optimization strategies proposed in the lit-
erature, when used in conjunction, typically provides good
speedup.

We consolidate our results and provided some general di-
rections for future study. We are currently performing a
case study and identifying outliers in an Government Auc-
tion database, where these outliers may be associated with
illegal transactions, fraud or even an incorrect information.
We planned to investigate and propose much better ROC
strategies since there is still room for enhancements and they
may be achieved with simple strategies. Also, we are in the
process of developing an adaptive parallel algorithm that ex-
ecutes local search for neighbors for a selected pool by rank-
ing strategies before examining the data for outliers. We
believe that this strategy may not need a specified thresh-
old by the user and may prune out current overhead, thereby
achieving linear speedup.
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