Appendix A

Experimental details

This appendix gives technical and implementation details about the experiments de-
scribed above. All code was implemented in Matlab (version 5) and executed on a
standard Pentium II PC.

A.1 Feature selection and regression

A.1.1 Radial basis functions

We describe RBF networks used for regression in Section 2.2.2. The implementation
used is based on the Netlab software [90], a Matlab toolbox. The algorithm combines
the EM algorithm to place Gaussian basis functions, and linear regression to calculate
the output weights. The basis functions are spherical, with a variance equal to the
square of the largest distance between the centres. Thus all the basis functions are the
same size and shape. The EM algorithm was limited to 50 iterations. In most cases,
convergence happened well before this time, and even when the EM algorithm had not
converged, the continuing changes were extremely small.

Unless otherwise stated, the RBF networks had five hidden nodes. In some feature
selection experiments, an RBF network with zero inputs (features) was required. In
this case, the results quoted are actually from a linear regression model with no inputs,
producing a constant output value. This is equivalent to an RBF network with zero
inputs and zero hidden nodes.

A.1.2 Simulated annealing

We described simulated annealing for feature selection in Section 2.4.3. The represen-
tation used is a simple binary representation, with one bit for each possible feature, set
to ‘1’ if the feature is present, and ‘0’ if absent. The temperature schedule used is a
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simple geometric decay, such that T,,41 = oT;, (Rayward-Smith et al. [103, p.9]). In
this work, o = 0.995 and Ty = 1.

Each (potential) step is defined by a selecting a bit to flip from a uniform random
distribution. This corresponds to adding or removing a single feature. The change in
error and the current temperature are then to decide whether to actually take the step
or not, as described in Section 2.4.3. When constrained to using a fixed number of
features (during cross model validation, for example), two bits with opposite values are
randomly selected and both are flipped. This corresponds to replacing one feature with

another.

A.1.3 Semi-supervised feature selection

We described semi-supervised feature selection is described in Section 2.5.2. The “ADJ”
procedure is defined by Schuurmans and Southey [116], and we summarise it here:
Define d(hg, h;) as the distance between two hypothesis hy and h; estimated using the
unlabelled data. Define d(h/k,\ h;) as the same distance estimated using the labelled data.
Define d(h;, Py|x) as the estimated distance between hypothesis h; and the underlying
distribution Py|x, using the labelled data'.

1. Given a sequence of increasingly complex hypothesis (regression models), hg, h1,

2. For each hypothesis A;, find the worst ratio of labelled and unlabelled distance
estimates to some predecessor Ay (k <) and multiply the estimated distance to
the target by this

= —— d(hg, b
d(hy, Py x) = d(hy, PY|X)(k7/\l)
d(h, hr)

3. Choose the hypothesis h,, with the smallest adjusted distance d(hl,}:q x)

A.2 Outliers in n-dimensional Gaussians

It is well known that on average, 95% of the data drawn from a one dimensional
Gaussian lies within 1.96 standard deviations from the mean e.g. [28, p.123]. As we
increase the number of dimensions, this constant term rises. In principle, the exact
function relating the number of dimensions to this width factor could be derived by
integrating to find the area under the Gaussian curve. In practice, given that we only
need the scores for a few values, we can estimate these empirically, by sampling from

an n-dimensional Gaussian and calculating how close to the mean 95% of the data lies.

'Note that we cannot estimate the error without knowing the labels.
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Table A.1 lists the estimated values for up to 30 dimensions. Each value was estimated
from each of 50 samples of 100,000 points, and the mean estimate taken. These values
are used in Section 4.6.6. These empirical values are not perfectly accurate: the first
value should be 1.960, and is estimated as 1.961, but this is close enough for our

application of outlier detection.

Dimension Width factor || Dimension Width factor
1 1.961 16 5.131
2 2.447 17 5.246
3 2.793 18 5.372
4 3.081 19 5.481
5 3.326 20 5.608
6 3.550 21 5.713
7 3.750 22 5.817
8 3.936 23 5.933
9 4.118 24 6.039
10 4.276 25 6.134
11 4.430 26 6.237
12 4.584 27 6.328
13 4.738 28 6.425
14 4.862 29 6.519
15 5.001 30 6.614

Table A.1: Estimated Gaussian width factors

A.3 Further SSEL results

In Section 2.11.5, we considered the effect of varying the number of labelled and unla-
belled records on the accuracy of semi-supervised ensemble learning, using the Boston
Housing data.

Table A.2 shows the results when using the “auto-mpg” data set also available from
the UCI repository [16]. This shows a similar pattern to the Boston Housing data
results, with SSEL outperforming supervised bagging, only when limited labelled data
is available. Given 80 labelled records, SSEL performs worse than supervised bagging;
SSEL is reliably better only when less than about 50 labelled records are available.

Table A.3 shows the results of the same experiments using the “Abalone” data set,
also available from the UCI repository [16]. The goal is to predict the age of abalone
(a marine snail) given information about the shell diameter, weight, length etc. The
results show that SSEL outperforms supervised bagging, even when a relatively large
labelled set is available (up to and including 80 records).
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Labelled set size

Unlabelled 10 20 30 40 50 60 70 80
set size

0 177.075 1.452 0.877 | 0.781 0.678 0.680 0.653 0.620
20 1.467F | 0.715% | 0.710% | 0.664T | 0.6521 | 0.651 0.619% | 0.618
40 2.2697 | 1.297 | 0.679T | 0.670" | 0.651T | 0.642T | 0.641 0.620
60 2.2561 | 0.759% | 0.713T | 0.688% | 0.6511 | 0.651 0.644 0.637—
80 3.155" | 0.753% | 0.722T | 0.700" | 0.685 0.668 0.648 0.639~
100 1.126T | 0.762% | 0.730% | 0.712T | 0.692 0.673 0.667 | 0.661—

Table A.2: Comparison of SSEL errors; single RBF model errors; and correlation
between SSEL error and size of unlabelled data set, when using Auto-mpg data with
varying labelled and unlabelled record set sizes. ‘4’ indicates a significant improvement
compared with 0 unlabelled records; ‘-’ indicates a significant worsening compared with

0 unlabelled records; both according to a one-tailed ¢-test with p < 0.05.

Labelled set size

Unlabelled 10 20 30 40 50 60 70 80
set size

0 19.146 5.294 3.231 | 3.770 3.102 | 2.975 3.066 3.099
20 4.773% | 2.993T | 3.087 | 3.018 3.017 | 2.698T | 2.682 2.628*
40 5.440 2.930" | 3.006 | 2.7521 | 2.705 | 2.733T | 2.765 2.695
60 4.584% | 3.088 2.868 | 2.779T | 2.770 | 2.742% | 2.590% | 2.706T
80 5.303" | 3.088" | 2.859 | 2.863T | 2.705 | 2.676" | 2.676 2.687"
100 4.795% | 3.448 3.004 | 2.8501 | 2.931 | 2.720" | 2.762 2.601F

Table A.3: Comparison of SSEL errors; single RBF model errors; and correlation
between SSEL error and size of unlabelled data set, when using Abalone data with
varying labelled and unlabelled record set sizes. ‘4’ indicates a significant improvement
compared with 0 unlabelled records; ‘-’ indicates a significant worsening compared with

0 unlabelled records; both according to a one-tailed ¢-test with p < 0.05.
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