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Figure 5: Performance and accuracy of nonlinear least-squares curve fitting on the physics dataset using standard

curve-fitting and polynomial approximations.

It can be seen that the Mean Squared Error of
approximated curve fitting is higher than Matlab’s. It
should however be noted that the variance of Y is 7.3,
which is much higher than the MSE of around 0.3 of our
fit for max; = 9 and which dwarfs the 0.0049 MSE for
max; = 12. We thus managed to obtain a successful fit
at a fraction of the cost of using traditional methods.

Notice that in Figure 5 the time of mining frequent
itemsets is included. In practice frequent polynomial
itemsets would have been mined beforehand, and the
speed advantage would have been even greater.

Application to data streams. A potential appli-
cation area are data streams. Data in a data stream can
be looked at only once so multi-pass algorithms cannot
be applied. A solution would be to continuously update
a collection of polynomial itemsets based on the data
stream. The collection would serve as the approximat-
ing representation. Some early results can be found in
the full version of the paper.

5 Discussion and Future Research

In the paper, a definition of support for arbitrary real-
valued functions has been presented, and shown how
supports of large a family of functions can effectively
be approximated based on supports of polynomial item-
sets. Experiments have shown that polynomial itemsets
with given minimum absolute support can efficiently
be mined by an Apriori like procedure, and that ac-
curate approximations of supports of many important
functions can be obtained.

We have shown that a number of real-life tasks such
as nonlinear regression and curve fitting can be per-
formed based only on the collection of frequent poly-
nomial itemsets without accessing the data at all. In
many cases significant performance gains over standard

procedures have been demonstrated. In fact we have
moved the difficulty related to numerical computations
on large datasets to the domain of symbolic computa-
tions related to computing series expansions of func-
tions, which is independent of database size.

Future work includes trying other approximation
methods, such as Chebyshev expansion, convergence
analysis of the expansion with decreasing minimum
support and detailed analysis of how approximation
error influences accuracy of tasks such as nonlinear
regression and curve fitting.
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