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1 INTRODUCTION

This report aims to present the application of principal component analysis (PCA) on actuarial since
and insurance industry. PCA is widely used for data compression, dimensionality reduction and data
visualization in many industries.

We make use of PCA to analyze the dataset used in the CoIL 2000 challenge. Not only explaining
the mathematical definition of PCA, we show some of its application such as PCA tree. In the latter
half of this report, we explain how to use PCA for the classification task.

2 PRINCIPAL COMPONENT ANALYSIS

Principal component analysis (PCA) is a statistical procedure to find a reasonable set of uncorre-
lated orthogonal basis of the feature space by linearly transforming the original features [2, 3]. An
important motivation for PCA is that the observed data sets all lie close to a manifold of much lower
dimensionality than that of the original data space. There are several formulations for PCA. For the
following formulations, assume the data set of observations {xn}n=1,··· ,N lies in the D-dimensional
feature space.

For the non-probabilistic formulations, the goal is to find a complete orthonormal set of D-dimensional
basis vectors {ui }i=1,··· ,D and to specify the intrinsic dimension M and M-dimensional hyperplane of
the D-dimensional original feature space. Let us denote by x̄ the sample set mean 1

N

∑N
n=1 xn and by

S the sample set covariance matrix 1
N

∑N
i=1(xn − x̄)(xn − x̄)T . Note that each observation xn is decom-

posed into

xn = x̄+
D∑

i=1

(
(xn − x̄)T ui

)
ui

=
(

x̄+
M∑

i=1

(
(xn − x̄)T ui

)
ui

)
+

(
D∑

i=M+1

(
(xn − x̄)T ui

)
ui

)

in the feature space. The first term is the projection of xn onto the M-dimensional hyperplane in the
feature space, where we used the fact that x̄ lies on this hyperplane. Let us denote by x̃n the projection
of xn onto the hyperplane. The projection x̃n can be regarded as an approximation of xn explained by
the first M basis vectors {ui }i=1,··· ,M in the feature space. For the non-probabilistic formulations, there
are two popular formulations, the maximum variance formulation and the minimum error formula-
tion, but, in both cases, the basis {ui }i=1,··· ,D is given by the eigenvectors of the covariance matrix
S and the hyperplane is given by the affine plane spanned by the first M basis {ui }i=1,··· ,M passing
through the sample mean x̄, where the basis {ui }i=1,··· ,D is sorted so that the corresponding eigenval-
ues {λi }i=1,··· ,D are in descending order.

2.1 MAXIMUM VARIANCE FORMULATION

In the maximum variance formulation, the goal is to project the data onto the M-dimensional hyper-
plane in the feature space while maximizing the variance 1

N

∑N
n=1 ∥x̃n − x̄∥2

2 of the projected data on
the hyperplane. The solution of this formulation involves finding M eigenvectors of the covariance
matrix S corresponding to M largest eigenvalues.

2.2 MINIMUM ERROR FORMULATION

In the minimum error formulation, the goal is to project the data onto the M-dimensional hyperplane
in the feature space while minimizing the error 1

N

∑N
n=1 ∥xn − x̃n∥2

2 between the data and the projected
data. The solution of this formulation involves finding D −M eigenvectors of the covariance matrix S
corresponding to D −M smallest eigenvalues.
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2.3 PROBABILISTIC FORMULATION

While conventional PCA is formulated as a projection of data points from the original feature space
onto a lower dimensional subspace, probabilistic PCA is expressed as a mapping from the lower di-
mensional latent space to the original feature space.

In probabilistic PCA, the observed data x is defined by a linear transformation of the latent variable
z with a Gaussian noise [2]. Thus, the conditional distribution z|x of the observed data x is given by the
Gaussian distribution N (Wz+µ,σ2I) where W is the D×M matrix, µ is the D-dimensional vector and
σ2 is the scalar. The prior distribution of the latent variable z is assumed to be given by the standard
multivariate normal distribution N (0, I). Hence the marginal distribution of the data x is given by
N (µ,C) where C = WWT +σ2I and the posterior distribution z|x of the latent variable z is given by
N (M−1WT (x−µ),σ2M−1) where M = WT W+σ2I.

Note that there is redundancy in the parameterization in W corresponding to the rotations of the
latent space coordinates. For example, the covariance matrix C takes the same form for W̃ = WR
for any orthogonal matrix R because C̃ = W̃W̃T +σ2I = WWT +σ2I = C. The predictive density is
unchanged by rotations in the latent space.

The most natural way to estimate the parameters W, µ and σ2 is to use the maximum likelihood
estimation. The corresponding log likelihood function is given by

log p(X|W,µ,σ2) =
N∑

i=1
log p(xi |W,µ,σ2)

=−N

2

(
D log(2π)+ log |C |+Tr(C−1S)

)
.

The stationary points which maximize the likelihood function is obtained by

Ŵ = U
(
L−σ2I

) 1
2 R

µ̂= x̄

σ̂2 = 1

D −M

D∑
i=M+1

λi

where U is a D ×M matrix whose columns are the eigenvectors of the data covariance matrix S corre-
sponding to the M largest eigenvalues, L is an M ×M diagonal matrix whose elements corresponding
to the M largest eigenvalues λi of S, and R is an arbitrary M × M orthogonal matrix. The maximal
likelihood estimator of σ2 is given by the average variance associated with the discarded dimensions.

After learning the parameters W, µ and σ2, any point x in the feature space can be summarized by
its posterior mean and covariance in the latent space

E[z|x] = M−1WT (x− x̄)

V[z|x] =σ2M−1.

This point in the latent space corresponds to the point x̃ in the original feature space where x̃ =
WE[z|x]+µ. Note that, in the limit of σ2 → 0, the projected point x̃ converges to

(
WT W

)−1
WT (x− x̄),

which recovers the conventional PCA. For σ2 > 0, the projected point x̃ is shifted towards the origin
relative to the orthogonal projection.

2.4 CONNECTION WITH FACTOR ANALYSIS

Factor analysis (FA) is closely related to probabilistic PCA. In FA, the conditional distribution x|z of
the observed variable x given the latent variable z is given by the Gaussian distribution N (Wz+µ,Ψ)
where Ψ is a D ×D diagonal matrix. In the literature of FA, the columns of the matrix W are called
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factor loadings and the diagonal elements of Ψ are called uniquenesses. The marginal distribution of
the data x is given by N (µ,C) where C = WWT +Ψ.

As with PCA, the predictive density is unchanged by rotations in the latent space. However, in FA,
the rotations in the data space gives the different fit to the data.

3 DATASET

Insurance company benchmark (COIL 2000) data set at UCI Machine Learning Repository was used.
There are training dataset with 5,822 records and test dataset with 4,000 records. Each record in
dataset has 86 attributes, however, the 86th attribute is missing in the test dataset. The former 43
attributes are socio-demographic data and the latter 43 attributes are product usage data. The last
attribute #86, "CARAVAN: number of mobile home policies", is the target variable. In the original
competition, CoIL 2000 Challenge, participants were asked to estimate the values for this attribute
in the training dataset and submit the set of 800 records that contains the most caravan policy own-
ers. The maximum number of policy owners that could be found in the 4,000 test dataset is 238. The
winning model of this competition selected 121 policy owners.

In this report, this dataset is used for a raw material for the survey. Out of 86 attributes, 84 attributes
are (at least) ordinal variables and two attributes are categorical variables. The two categorical vari-
ables are the attribute #1, "MOSTYPE: customer subtype", and the attribute #5, "MOSHOOFD: cus-
tomer main type".

Two datasets A and B were created. For the dataset A, two categorical attributes are removed and the
remaining 84 ordinal attributes are used. For the dataset B, two categorical attributes are converted
into 50 dummy binary attributes and mixed with the 84 ordinal attributes to yield the 134 ordinal
attributes.

4 PCA FOR ANALYSIS

The result of PCA explain the underlying structure of the data with a small number of attributes.
Figures 4.1 and 4.2 are the scree plots for datasets A and B. Since PCA is not a supervised learning,

we left aside the challenge in the competition and used all variables including the 86th target variable
CARAVAN. For the dataset A, 32% of the variance were explained by the first six principal components.
For the dataset B, 25% of the variance were explained by the first seven principal components. The
plots show that the large portion of the variance is able to be explained by only a few attributes.

In this case, adding 50 binary attributes does not help find a lower dimensional subspace.
The dataset A does not contains the attribute #5, "MOSHOOFD: customer main type", since all the

categorical attributes are excluded. However, the remaining 84 attributes have information of this
attribute. The information of the customer type is aggregated in the low dimensional subspace of the
original data. In Figure 4.3, 4,000 records in the test data are plotted on the plane spanned by the first
two principal components colored by their customer main type.

The dataset B explicitly contains the variable "MOSHOOFD" as binary attributes. Figure 4.4 shows
the comparison between the plots of the first three principal components of the datasets A and B.
Since the information of the customer type has been explicitly added on the dataset B, the principal
components of the dataset B are slightly modified compared to those of the dataset A. Focussed only
on the very first three principal components, it looks that the dataset B is suitable for aggregating the
information of customer type.

5 PCA FOR CLUSTERING

Clustering is the task of grouping a set of objects in such a way that objects in the same group are
more similar to each other than to those in other groups [2–4]. Clustering is also considered to be
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Figure 4.1: scree plot for dataset A Figure 4.2: scree plot for dataset B

Figure 4.3: PC1-PC2 plot for dataset A
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Figure 4.4: Comparison between datasets A and B
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a quantization of the feature space since it gives each item, a point in the feature space, a unique
label [5].

PCA is useful to see the performance of clusterings because the low dimensional linear subspace
created by PCA is considered to be a summary of the data. Also, there is a method called PCA tree
(also known as PD tree) which explicitly uses the idea of PCA to quantize the feature space [6].

We explain how PCA tree works for the given dataset and also use PCA to see the performance of
the clustering.

5.1 PCA TREE

PCA tree is a method for splitting the data space recursively [6]. For each splitting, PCA is used for
finding the principal eigenvector to cut the data half. For the very first splitting, the principal eigen-
vector is same as the first eigenvector of the whole dataset. However, in the second splitting, the
principal eigenvectors for split data spaces are not necessarily same as the second eigenvector of the
whole dataset. Each calculation for the principal eigenvector in the segment of the data space is in-
dependent of how the segment of the data space has derived.

Strictly speaking, PCA is not needed because we only need the principal eigenvector. There is an
easier way to find the principal eigenvector without executing PCA. An algorithm "Power Method" is
used for finding the principal eigenvector in the following tasks [7].

Figure 5.1 shows the result of PCA tree for dataset A, plotted on the plane spanned by the first two
principal components of the whole dataset. The depth of PCA tree is four, which means the data
space has split into sixteen segments. Each segment has four digits for its name. The whole dataset
is denoted "NODE", which means the root node of the PCA tree. "NODE" is divided into "NODE0"
and "NODE1" for the first splitting. In the next splitting, "NODE0" is divided into "NODE00" and
"NODE01" and "Node1" is divided into "NODE10" and "NODE11"; these splittings are executed in-
dependently.

Figure 5.2 shows the proportions of customer main type in each segment created by PCA tree of
depth 4 for dataset A. 4,000 records in the test dataset are segmentized according to the tree learned
by the training dataset A. We left aside the challenge in the competition and used all variables (except
categorical variables) including the 86th target variable CARAVAN. The dataset A does not contain the
attribute #5, "MOSHOOFD: customer main type", since all the categorical attributes are excluded.
However, the result shows that the segments generated by the PCA tree clearly explains the customer
main type.

6 PCA FOR CLASSIFICATION

Classification is the task to identify which of categories a new observation belongs, on the basis of the
training data containing observations whose category membership is known [2–4].

The idea of PCA could be used for generating reasonable features of the data. We used PCA tree
to qunantize the feature space and added all generated features onto the original features. With this
trick, the performance on the original classification task at COIL 2000 challenge improved, as shown
in the figure 6.3.

6.1 STANDARD LOGISTIC REGRESSION

As a baseline model, the performance of the logistic regression on the data is shown in the table 6.1.
R package glmnet [1] was used to execute the logistic regression.

Recall that, in the original competition, participants were asked to submit the set of 800 records that
contains the most caravan policy owners. The prediction score of the model is defined as the number
of correctly classified caravan insurance holders. The possible maximum score is 238 since there are
only 238 caravan insurance holders in the 4,000 test dataset. The score of the winning model of the
competition was 121.
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Figure 5.1: PC1-PC2 plot for PCA tree for dataset A
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Figure 5.2: Proportions of customer main type in each segment created by PCA tree of depth 4 for
dataset A
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The prediction score for the logistic regression is somewhere between 110 and 117, which is quite
good compared with the score of the winning model.

Final prediction scores for all the models are shown in the table 6.1. Whole 5,822 records in the
training dataset were used for the cross validation to decide hyper parameters.

Also, in order to choose the best model (without the information of the final scores on the test
dataset), 5,822 records in the training dataset was divided into two groups; 5,322 records for execut-
ing 10-fold cross validation and the rest 500 records for evaluating the performances of the models.
This procedure was repeated 10 times to estimate the performance of the model. The mean and the
standard deviation of the AUC and prediction score for each model is given in the table 6.1.

As it is generally known, cross validation reduces the performance on the dataset used for the cross
validation while it increases the performance on the evaluation dataset. This phenomena is certainly
observed within the training dataset. We used four methods for cross validation. "Deviance", "AUC
(area under the ROC curve)" and "Class (misclassification error)" are commonly used methods for the
binomial data. "Score (prediction score)" is an ad-hoc method proposed only for this task. "Score"
is calculated by the number of the correct answers in the most you think plausible 20% of the data.
Since this is what the participants wanted to maximize in the competition, we tried our hands at using
this ad-hoc score for the cross validation.

Unfortunately, executing cross validations reduced the final actual prediction scores for dataset
A. However, we believe it was just a bad luck; we observed and confirmed the effect of the cross
validation within the training dataset by dividing this dataset into the CV part and the evaluation
part. Since dataset B contains more variables than dataset A, dataset B is more likely to be over-fitted,
and this phenomenon is observed in the table 6.1.

Training Dataset (5,822) Test Dataset
CV (5,322) Evaluation (500) (4,000)

Dataset / Regression / CV AUC Score AUC Score AUC Score
( / 1,064) ( / 100) ( / 800)

A - - 0.796 (0.005) 185.0 (4.7) 0.722 (0.040) 13.4 (4.1) 0.719 117
A Lasso Score 0.775 (0.009) 182.3 (6.1) 0.741 (0.048) 15.3 (4.2) 0.723 112
A Lasso Deviance 0.781 (0.006) 184.0 (4.7) 0.741 (0.048) 15.0 (4.4) 0.723 113
A Lasso AUC 0.782 (0.007) 182.9 (6.9) 0.746 (0.036) 15.8 (4.0) 0.722 112
A Lasso Class 0.782 (0.007) 183.7 (4.4) 0.740 (0.049) 15.1 (4.3) 0.724 114
A Ridge Score 0.777 (0.009) 180.4 (7.8) 0.744 (0.051) 15.3 (4.2) 0.724 111
A Ridge Deviance 0.780 (0.005) 182.5 (5.5) 0.743 (0.049) 15.1 (4.1) 0.723 112
A Ridge AUC 0.779 (0.004) 181.1 (4.7) 0.741 (0.049) 14.8 (2.7) 0.723 113
A Ridge Class 0.780 (0.009) 181.6 (5.6) 0.741 (0.047) 15.3 (4.1) 0.722 117
B - - 0.810 (0.004) 187.1 (4.3) 0.714 (0.033) 12.4 (3.6) 0.721 106
B Lasso Score 0.774 (0.016) 178.5 (8.3) 0.741 (0.049) 14.9 (4.3) 0.726 114
B Lasso Deviance 0.784 (0.007) 182.4 (5.6) 0.742 (0.046) 14.8 (3.9) 0.725 115
B Lasso AUC 0.778 (0.010) 177.6 (4.0) 0.740 (0.039) 16.3 (4.1) 0.725 114
B Lasso Class 0.776 (0.008) 178.2 (5.0) 0.743 (0.048) 15.3 (4.2) 0.723 109
B Ridge Score 0.788 (0.007) 177.3 (6.2) 0.749 (0.052) 15.3 (3.7) 0.727 115
B Ridge Deviance 0.790 (0.005) 177.2 (3.7) 0.748 (0.053) 15.3 (3.9) 0.728 112
B Ridge AUC 0.785 (0.004) 176.2 (3.8) 0.733 (0.044) 15.0 (2.3) 0.730 112
B Ridge Class 0.780 (0.020) 173.4 (9.1) 0.743 (0.056) 15.4 (3.9) 0.727 110

Table 6.1: Logistic regression with 10-fold cross validation (Estimation of the performance of the
model within the training set is executed 10 times and averaged over the trials. The value in
parenthesis is the standard variation not the standard error). The dash ‘-’ in the cell shows
that the logistic regression was executed without any regularization.
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Figure 6.1: Lasso regression coefficients
for dataset B

Figure 6.2: Ridge regression coefficients
for dataset B

6.2 LOGISTIC REGRESSION USING PCA TREE

PCA tree could be used for generating reasonable features of the data. There are 21 variables in the
dataset that starts from the letter "P". Each variable represents the contribution for the policy for each
insurance product.

We generated PCA tree from theses 21 variables from the training dataset and added all these nodes
and leaves as binary variables onto the data. Since the PCA tree is a sequence of the splitting rules of
the data space, this structure able to assign any data into one of its leaf. By applying this tree structure
onto the test dataset, binary features are able to be calculated for the test dataset as well. By adding
theses variable into the dataset B, the dimension of the dataset has increased a lot. For example, the
dataset B with the PCA tree of depth 5 has 134+2+4+8+16+32 = 196 features and the one with the
depth 10 has 840 features.

Since the structure of the PCA tree is considered to be the summary of the P-variables, adding these
features to the original variables may improve the performance of the logistic regression. In fact, the
performance has improved with these features, as shown in the table 6.2 and the figure 6.3.
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Training Dataset (5,822) Test Dataset
CV (5,322) Evaluation (500) (4,000)

Regression Depth AUC Score AUC Score AUC Score
CV (Dim) ( / 1,064) ( / 100) ( / 800)

Lasso Score 0 (134) 0.774 (0.016) 178.5 (8.3) 0.741 (0.049) 14.9 (4.3) 0.726 114
Lasso Score 1 (136) 0.771 (0.019) 176.3 (7.4) 0.737 (0.044) 14.8 (4.2) 0.728 113
Lasso Score 2 (140) 0.779 (0.031) 175.0 (4.9) 0.725 (0.057) 14.7 (4.0) 0.724 115
Lasso Score 3 (148) 0.790 (0.028) 178.8 (11.0) 0.743 (0.051) 14.7 (4.1) 0.731 119
Lasso Score 4 (164) 0.799 (0.027) 180.2 (10.5) 0.760 (0.040) 14.7 (3.4) 0.750 121
Lasso Score 5 (196) 0.808 (0.021) 186.4 (8.7) 0.760 (0.032) 15.2 (3.5) 0.753 120
Lasso Score 6 (258) 0.813 (0.020) 189.0 (11.5) 0.770 (0.035) 15.2 (3.5) 0.731 115
Lasso Score 7 (346) 0.826 (0.020) 196.0 (9.5) 0.769 (0.034) 15.8 (4.2) 0.732 115
Lasso Score 8 (466) 0.826 (0.021) 197.0 (9.8) 0.766 (0.035) 15.0 (3.7) 0.732 115
Lasso Score 9 (622) 0.812 (0.025) 189.9 (13.6) 0.764 (0.038) 15.0 (3.9) 0.745 121
Lasso Deviance 0 (134) 0.784 (0.007) 182.4 (5.6) 0.742 (0.046) 14.8 (3.9) 0.725 115
Lasso Deviance 1 (136) 0.784 (0.007) 182.0 (5.0) 0.740 (0.045) 14.6 (3.8) 0.726 117
Lasso Deviance 2 (140) 0.789 (0.008) 177.0 (5.8) 0.741 (0.047) 15.0 (4.4) 0.723 114
Lasso Deviance 3 (148) 0.791 (0.008) 175.9 (6.2) 0.745 (0.053) 15.1 (4.3) 0.728 113
Lasso Deviance 4 (164) 0.805 (0.006) 183.7 (4.3) 0.762 (0.040) 15.3 (4.2) 0.749 118
Lasso Deviance 5 (196) 0.809 (0.006) 185.0 (5.5) 0.765 (0.037) 15.3 (3.9) 0.751 120
Lasso Deviance 6 (258) 0.814 (0.006) 187.9 (5.6) 0.766 (0.037) 15.2 (4.3) 0.750 124
Lasso Deviance 7 (346) 0.815 (0.005) 189.7 (5.5) 0.769 (0.038) 15.8 (4.3) 0.747 121
Lasso Deviance 8 (466) 0.815 (0.006) 189.8 (5.5) 0.767 (0.040) 15.5 (4.4) 0.747 123
Lasso Deviance 9 (622) 0.814 (0.006) 189.0 (4.8) 0.768 (0.039) 15.3 (4.6) 0.743 121
Ridge Score 0 (134) 0.788 (0.007) 177.3 (6.2) 0.749 (0.052) 15.3 (3.7) 0.727 115
Ridge Score 1 (136) 0.785 (0.008) 176.1 (5.8) 0.752 (0.052) 15.4 (3.6) 0.731 115
Ridge Score 2 (140) 0.789 (0.015) 175.9 (6.6) 0.749 (0.052) 15.6 (3.7) 0.727 115
Ridge Score 3 (148) 0.808 (0.008) 181.0 (4.8) 0.756 (0.055) 15.4 (3.9) 0.735 117
Ridge Score 4 (164) 0.810 (0.013) 180.6 (5.8) 0.772 (0.041) 15.7 (4.3) 0.754 121
Ridge Score 5 (196) 0.811 (0.011) 184.9 (7.5) 0.776 (0.040) 15.8 (4.3) 0.759 123
Ridge Score 6 (258) 0.816 (0.012) 190.2 (6.6) 0.780 (0.038) 16.1 (3.8) 0.760 126
Ridge Score 7 (346) 0.823 (0.010) 194.3 (6.8) 0.779 (0.040) 16.5 (4.4) 0.756 122
Ridge Score 8 (466) 0.832 (0.012) 199.4 (5.6) 0.776 (0.043) 16.0 (4.2) 0.752 121
Ridge Score 9 (622) 0.841 (0.009) 205.0 (5.0) 0.778 (0.041) 16.2 (4.4) 0.749 119
Ridge Deviance 0 (134) 0.790 (0.005) 177.2 (3.7) 0.748 (0.053) 15.3 (3.9) 0.728 112
Ridge Deviance 1 (136) 0.790 (0.004) 177.5 (4.1) 0.749 (0.052) 15.5 (3.4) 0.732 114
Ridge Deviance 2 (140) 0.794 (0.006) 177.4 (3.4) 0.749 (0.052) 15.6 (3.7) 0.734 116
Ridge Deviance 3 (148) 0.802 (0.006) 178.8 (5.5) 0.760 (0.053) 15.7 (4.2) 0.743 120
Ridge Deviance 4 (164) 0.812 (0.005) 182.0 (4.8) 0.772 (0.044) 15.1 (4.0) 0.755 121
Ridge Deviance 5 (196) 0.817 (0.003) 186.9 (4.3) 0.776 (0.039) 15.5 (4.2) 0.759 123
Ridge Deviance 6 (258) 0.824 (0.004) 194.5 (6.1) 0.778 (0.036) 16.4 (3.9) 0.758 125
Ridge Deviance 7 (346) 0.829 (0.004) 197.2 (5.6) 0.778 (0.040) 16.4 (4.5) 0.753 123
Ridge Deviance 8 (466) 0.836 (0.003) 201.7 (4.2) 0.778 (0.041) 16.2 (4.0) 0.745 125
Ridge Deviance 9 (622) 0.844 (0.003) 206.5 (5.1) 0.778 (0.039) 16.2 (4.2) 0.745 122

Table 6.2: Logistic regression on dataset B using PCA tree with 10-fold cross validation (Tree is re-
generated by the 9/10 of the dataset during the cross validation. Estimation of the perfor-
mance of the model within the training set is executed 10 times and averaged over the trials.
The value in parenthesis is the standard variation not the standard error.)
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Figure 6.3: The performance on dataset B between the standard linear logistic regression and the lo-
gistic regression using PCA-Tree (APD-Tree)
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7 APPENDIX

7.1 DATASET

library("data.table")

# import dataset

cnames <- read.table("tic/column_names.txt")

dim(cnames) # 86 * 1 ; 2 categorical variables & 84 ordinal variables

l0 <- read.csv2("tic/L0.txt", header = FALSE)

l2 <- read.csv2("tic/L2.txt", header = FALSE)

data <- fread("tic/ticdata2000.txt")

data.eval <- fread("tic/ticeval2000.txt")

data.eval.target <- fread("tic/tictgts2000.txt")

data.eval <- cbind(data.eval , data.eval.target)

rm(data.eval.target)

dim(data) # 5,822 * 86

dim(data.eval) # 4,000 * 86

setnames(data , as.character(cnames$V1))

setnames(data.eval , as.character(cnames$V1))

data$MOSTYPE <- as.factor(data$MOSTYPE)

data$MOSHOOFD <- as.factor(data$MOSHOOFD)

data.eval$MOSTYPE <- as.factor(data.eval$MOSTYPE)

data.eval$MOSHOOFD <- as.factor(data.eval$MOSHOOFD)

str(data)

str(data.eval)

levels.mostype <- levels(data$MOSTYPE)

levels.moshoofd <- levels(data$MOSHOOFD)

length(levels.mostype) # 40 levels

length(levels.moshoofd) # 10 levels

# create dataset A (84 ordinal variables)

data.A <- data[, !c("MOSTYPE", "MOSHOOFD"), with=FALSE]

data.eval.A <- data.eval[, !c("MOSTYPE", "MOSHOOFD"), with=FALSE]

dim(data.A) # 5,822 * 84

dim(data.eval.A) # 4,000 * 84

# create dataset B (84 ordinal variables & 50 dummy binary variables)

data.B <- copy(data)

data.eval.B <- copy(data.eval)

data.B[, paste(’MOSTYPE ’, as.character(levels.mostype), sep = "_") := lapply(

levels.mostype , function(x) ifelse(as.character(MOSTYPE) == x, 1, 0))]

data.B[, paste(’MOSHOOFD ’, as.character(levels.moshoofd), sep = "_") := lapply(

levels.moshoofd , function(x) ifelse(as.character(MOSHOOFD) == x, 1, 0))]

data.eval.B[, paste(’MOSTYPE ’, as.character(levels.mostype), sep = "_") :=

lapply(levels.mostype , function(x) ifelse(as.character(MOSTYPE) == x, 1, 0))

]

data.eval.B[, paste(’MOSHOOFD ’, as.character(levels.moshoofd), sep = "_") :=

lapply(levels.moshoofd , function(x) ifelse(as.character(MOSHOOFD) == x, 1,

0))]

data.B <- data.B[, !c("MOSTYPE", "MOSHOOFD"), with=FALSE]

data.eval.B <- data.eval.B[, !c("MOSTYPE", "MOSHOOFD"), with=FALSE]

dim(data.B) # 5,822 * 134

dim(data.eval.B) # 4,000 * 134

7.2 PCA

14



jibrary("ggplot2")

# execute prcomp

result.A <- prcomp(data.A , scale. = T)

result.B <- prcomp(data.B , scale. = T)

# plot scree plots

plot(( result.A$sdev)^2/sum(( result.A$sdev)^2), xlab = "Principal␣Component",

ylab = "Proportion␣of␣Variance␣Explained", type=’o’, main = "84␣dim␣*␣5,822␣

train␣data", sub = "32%␣of␣the␣variance␣is␣explained␣by␣PC1␣~␣PC6", ylim=c

(0,0.12))

plot(( result.B$sdev)^2/sum(( result.B$sdev)^2), xlab = "Principal␣Component",

ylab = "Proportion␣of␣Variance␣Explained", type=’o’, main = "134␣dim␣*␣5,822

␣train␣data", sub = "25%␣of␣the␣variance␣is␣explained␣by␣PC1␣~␣PC7", ylim=c

(0,0.12))

# plot the records in the test dataset

predict.A <- predict(result.A , data.eval.A)

predict.B <- predict(result.B , data.eval.B)

predict.A <- data.table(predict.A)

predict.B <- data.table(predict.B)

predict.B[, PC1:=-PC1]; predict.B[, PC2:=-PC2] # flip some of the coordinates in

order to compare A with B

predict.A <- cbind(data.eval , predict.A)

predict.B <- cbind(data.eval , predict.B)

dim(predict.A) # 4,000 * 170

dim(predict.B) # 4,000 * 220

ggplot(predict.A , aes(x=PC1 , y=PC2 , color=factor(MOSHOOFD , levels = 1:10, labels

= as.character(l2$V1)))) + geom_point(size=1, shape =4) + scale_color_brewer

("Customer␣Main␣Type", palette = "Paired") + ggtitle("COIL␣2000,␣PC1 -PC2␣(84

␣dim␣*␣5,822␣train␣data;␣4,000␣test␣data)")

ggplot(predict.B , aes(x=PC1 , y=PC2 , color=factor(MOSHOOFD , levels = 1:10, labels

= as.character(l2$V1)))) + geom_point(size=1, shape =4) + scale_color_brewer

("Customer␣Main␣Type", palette = "Paired") + ggtitle("COIL␣2000,␣PC1 -PC2␣

(134␣dim␣*␣5,822␣train␣data;␣4,000␣test␣data)")

7.3 PCA TREE

7.3.1 POWER METHOD

# x : Matrix (m * p)

powermethod <- function(x, n.max) {

b <- Matrix(x[, which.max(colSums(x * x))])

t <- norm(b, "F")

if (t == 0) {

return(b)

}

b <- b / t

a <- b

for (n in 1: n.max) {

a <- iteration(x, b)

# make sure norm(a) = 1.0 and norm(b) = 1.0

if (norm(a - b) < 0.0001) {

break

}

b <- a

}

# print(as.numeric(t(a) %*% x %*% a)) # eigen value

a

}
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# x : Matrix (m * p)

# b : Matrix (p * 1)

iteration <- function(x, b) {

a <- x %*% b

t <- norm(a)

a / t

}

7.3.2 LEARING

# x : data.frame, data.table

pcatree.learn <- function(x, n, root.name = "NODE", size.min = 1) {

if (size.min <= 0) {

size.min = 1

}

x <- data.table(x)

root <- Node$new(root.name)

root$depth = 0

root$size <- nrow(x)

labels <- cbind(rep(root.name , nrow(x)))

filters <- cbind(rep(TRUE , nrow(x)))

colnames(filters) <- root.name

filters <- as(filters , "lgCMatrix" )

queue <- list(root)

while(length(queue) > 0) {

node <- queue [[1]]

queue <- queue[-1]

depth <- node$depth

size <- node$size

if (depth >= n) {

next

}

if (size < size.min) {

next

}

name <- node$name

node.filter <- as.logical(filters[,name , drop=FALSE ])

node.l.name <- paste(name , "0", sep = "")

node.r.name <- paste(name , "1", sep = "")

n.max <- 2 ^ (n - depth)

node.filter.split <- pcatree.learn.split(x, node.filter , node , n.max)

node.l.filter <- node.filter & node.filter.split

node.r.filter <- node.filter & !node.filter.split

l.size = sum(node.l.filter)

r.size = sum(node.r.filter)

if(l.size >= size.min && r.size >= size.min) {

node.r <- node$AddChild(node.r.name)

node.r$name <- node.r.name

node.r$depth <- depth + 1

node.r$size <- r.size

node.l <- node$AddChild(node.l.name)

node.l$name <- node.l.name

node.l$depth <- depth + 1
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node.l$size <- l.size

labels <- ifelse(node.l.filter , node.l.name , labels)

labels <- ifelse(node.r.filter , node.r.name , labels)

node.childlen.filters <- cbind(node.l.filter , node.r.filter)

colnames(node.childlen.filters) <- c(node.l.name , node.r.name)

as(node.childlen.filters , "lgCMatrix")

filters <- cbind(filters , node.childlen.filters)

queue <- c(queue , list(node.l , node.r))

} else {

next

}

}

return (list(tree = root , filters = filters , labels = labels))

}

# x : data.frame, data.table

# filter : logical

# node : Node

pcatree.learn.split <- function(x, filter , node , n.max) {

x.filtered <- cbind(x, filter = filter)[filter == TRUE , !c("filter"), with=

FALSE]

x.filtered.center <- lapply(x.filtered , mean)

x.filtered.scale <- lapply(x.filtered , sd)

x.scaled <- (x - x.filtered.center) / lapply(x.filtered.scale , function(x)

ifelse(x == 0, 1.0, x))

z <- as(cbind(x.scaled , filter = filter)[filter == TRUE , !c("filter"), with=

FALSE], "Matrix")

e <- powermethod(t(z) %*% z, n.max)

w <- as.vector(as(x.scaled , "Matrix") %*% e)

node$center <- x.filtered.center

node$scale <- x.filtered.scale

if (sum(w * w) == 0) {

node$e <- e

return(w > 0) # return FALSE

}

w.filtered <- data.table(filter = filter , w = w)[filter == TRUE , w]

w.threshold <- median(w.filtered)

l.size = sum(w.filtered > w.threshold)

r.size = sum(w.filtered < w.threshold)

if (l.size >= r.size) {

node$e <- e

node$threshold <- w.threshold

return(w > w.threshold)

} else {

node$e <- (-e)

node$threshold <- (-w.threshold)

return(w < w.threshold)

}

}

7.3.3 PREDICTION

pcatree.predict <- function(x, tree , n) {
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x <- data.table(x)

root <- tree

root.name <- root$name

labels <- cbind(rep(root.name , nrow(x)))

filters <- cbind(rep(TRUE , nrow(x)))

colnames(filters) <- root.name

filters <- as(filters , "lgCMatrix" )

queue <- list(root)

while(length(queue) > 0) {

node <- queue [[1]]

queue <- queue[-1]

depth <- node$depth

if (depth >= n) {

next

}

name <- node$name

node.filter <- as.logical(filters[,name , drop=FALSE ])

if (norm(node$e) == 0) {

next

}

node.l.name <- paste(name , "0", sep = "")

node.r.name <- paste(name , "1", sep = "")

node.filter.split <- pcatree.predict.split(x, node.filter , node)

node.l.filter <- node.filter & node.filter.split

node.r.filter <- node.filter & !node.filter.split

l.size = sum(node.l.filter)

r.size = sum(node.r.filter)

node.r <- node[[ node.r.name ]]

node.l <- node[[ node.l.name ]]

if (is.null(node.r) && is.null(node.l)) {

next

} else if (is.null(node.l)) {

node.r <- node[[ node.r.name ]]

labels <- ifelse(node.r.filter , node.r.name , labels)

node.childlen.filters <- cbind(node.r.filter)

colnames(node.childlen.filters) <- c(node.r.name)

as(node.childlen.filters , "lgCMatrix")

filters <- cbind(filters , node.childlen.filters)

queue <- c(queue , list(node.r))

} else if (is.null(node.r)) {

node.l <- node[[ node.l.name ]]

labels <- ifelse(node.l.filter , node.l.name , labels)

node.childlen.filters <- cbind(node.l.filter)

colnames(node.childlen.filters) <- c(nnode.l.name)

as(node.childlen.filters , "lgCMatrix")

filters <- cbind(filters , node.childlen.filters)

queue <- c(queue , list(node.l))
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} else {

node.r <- node[[ node.r.name ]]

node.l <- node[[ node.l.name ]]

labels <- ifelse(node.l.filter , node.l.name , labels)

labels <- ifelse(node.r.filter , node.r.name , labels)

node.childlen.filters <- cbind(node.l.filter , node.r.filter)

colnames(node.childlen.filters) <- c(node.l.name , node.r.name)

as(node.childlen.filters , "lgCMatrix")

filters <- cbind(filters , node.childlen.filters)

queue <- c(queue , list(node.l , node.r))

}

}

return (list(filters = filters , labels = labels))

}

# x : data.frame, data.table

# filter : logical

# node : Node

pcatree.predict.split <- function(x, filter , node) {

x.filtered <- cbind(x, filter = filter)[filter == TRUE , !c("filter"), with=

FALSE]

x.filtered.center <- node$center

x.filtered.scale <- node$scale

x.scaled <- (x - x.filtered.center) / lapply(x.filtered.scale , function(x)

ifelse(x == 0, 1.0, x))

e <- node$e

w <- as.vector(as(x.scaled , "Matrix") %*% e)

w.threshold <- node$threshold

w > w.threshold

}

7.3.4 CLUSTERING USING PCA TREE

# data.A and data.eval.A contain the 86th variable CARAVAN; this varialble was

used in PCA

# result.A <- prcomp(data.A, scale. = T)

# predict.A <- predict(result.A, data.eval.A)

dim(data.A) # 5,822 * 84

dim(predict.A) # 4,000 * 170

object.learn.A <- pcatree.learn(data.A , 10)

object.predict.A <- pcatree.predict(data.eval.A , object.learn.A$tree , 4)

ggplot(cbind(predict.A , labels=object.predict.A$labels), aes(x=PC1 , y=PC2 , color

=labels)) + geom_point(size = 1, shape = 4) + ggtitle("COIL␣2000,␣PC1 -PC2␣

(84␣dim␣*␣5,822␣train␣data;␣4,000␣test␣data)")

ggsave("pcatree -A12.png", width = 7, height = 6)

ggplot(cbind(data.eval , LABEL=factor(object.predict.A$labels))[, .(N =.N) ,by =

list(LABEL , MOSHOOFD)], aes(x = LABEL , y = N, fill = factor(MOSHOOFD , levels

= 1:10, labels = as.character(l2$V1)))) + geom_bar(position = "fill", stat

= "identity") + scale_x_discrete("Node␣Label") + scale_y_continuous("

Proportion␣of␣Customer␣Main␣Type␣in␣Each␣Node") + coord_flip() + scale_fill_

brewer("Customer␣Main␣Type", palette = "Paired") + ggtitle("COIL␣2000,␣PC1 -

PC2␣(84␣dim␣*␣5,822␣train␣data;␣4,000␣test␣data)")

ggsave("pcatree -type.png", width = 7, height = 6)
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7.4 LOGISTIC REGRESSION

7.4.1 PREDICTION SCORE CALCULATOR FOR GLMNET

library("glmnet")

library("ROCR")

# fit : glment

# lambda : vector

# x : matrix

# y : vector

oda.scores <- function(fit , lambda , x, y) {

N <- nrow(x)

M <- round(N / 5) # if N = 4000, then M = 800

if (is.factor(y))

y <- as.numeric(as.character(y))

else

y <- as.numeric(y)

if (sum(class(fit) == ’glm’) > 0) {

preds <- cbind(predict(fit , data.table(x = x), type = "response"))

} else {

preds <- predict(fit , newx=x , s=lambda , type="response")

}

scores <- apply(as.matrix(preds), 2, function(pred) {sum(data.table(y = y,

pred = pred)[order(-pred)][1:M]$y )}) # scores used in the competition

names(scores) <- lambda

# paste(paste(scores, M, sep = " / "), collapse = " , ")

return(list(scores = scores , N = N, M = M))

}

# cvfit : cv.glmnet (trained by the data x and y)

# x, x.eval : matrix

# y, y.eval : factor

oda.score <- function(cvfit , x, y, x.eval , y.eval) {

if (sum(class(cvfit) == ’glm’) > 0) {

fit <- cvfit

pred <- predict(fit , data.table(x = x), type = "response")

pred.eval <- predict(fit , data.table(x = x.eval), type="response")

scores <- oda.scores(fit , 0.0, x, y)

scores.eval <- oda.scores(fit , 0.0 , x.eval , y.eval)

} else {

fit <- cvfit$glmnet.fit

lambda <- cvfit$lambda.min

y <- as.numeric(as.character(y))

y.eval <- as.numeric(as.character(y.eval))

pred <- predict(fit , newx=x , s=lambda , type="response")

pred.eval <- predict(fit , newx=x.eval , s=lambda , type="response")

scores <- oda.scores(fit , lambda , x, y)

scores.eval <- oda.scores(fit , lambda , x.eval , y.eval)

}

score <- scores$scores

core.eval <- scores.eval$scores # score used in the competition

p <- prediction(pred , y)

p.eval <- prediction(pred.eval , y.eval)

auc <- performance(p, "auc")

auc <- round(as.numeric(auc@y.values), 3)

auc.eval <- performance(p.eval , "auc")

auc.eval <- round(as.numeric(auc.eval@y.values), 3)

print(paste("score␣=", scores$score , "/", scores$M, "=", round(scores$score/

scores$M, 3), ",", "auc␣=", auc))
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print(paste("score.eval␣=", scores.eval$score , "/", scores.eval$M, "=",

round(scores.eval$score/scores.eval$M, 3), ",", "auc.eval␣=", auc.eval))

roc <- performance(p, "tpr", "fpr") # plot(roc)

roc.eval <- performance(p.eval , "tpr", "fpr") # plot(roc.eval)

return(list(scores = scores , scores.eval = scores.eval , auc = auc , auc.eval

= auc.eval , roc = roc , roc.eval = roc.eval))

}

7.4.2 CROSS VALIDATION FOR PREDICTION SCORE

# x : matrix

# y : factor

# w : numeric

oda.cv <- function(n = 3, m = 500, x, y, w, type.measure , ...) {

score <- numeric ()

score.eval <- numeric ()

auc <- numeric ()

auc.eval <- numeric ()

for (i in 1:n) {

print(paste("[", i, "]"))

id.test <- sort(sample (1: nrow(x), m))

x_cv <- x[-id.test , , drop=FALSE]

x_test <- x[id.test , , drop=FALSE]

y_cv <- y[-id.test]

y_test <- y[id.test]

w_cv <- w[-id.test]

w_test <- w[id.test]

if (type.measure == "score") {

cvfit <- oda.cv.glmnet(x=x_cv , y=y_cv, weights=w_cv, family="

binomial", type.measure = "score", ...)

} else if (type.measure == "") {

cvfit <- glm(y ~ ., data.table(x=x_cv, y=y_cv), weights=w_cv,

family="binomial", ...)

} else {

cvfit <- cv.glmnet(x=x_cv , y=y_cv, weights=w_cv, family="binomial",

type.measure = type.measure , ...)

}

oda.score <- invisible(oda.score(cvfit , x = x_cv, y = y_cv, x.eval = x_

test , y.eval = y_test))

N <- oda.score$scores$N

N.eval <- oda.score$scores$N.eval

M <- oda.score$scores$M

M.eval <- oda.score$scores.eval$M

score[i] <- oda.score$scores$scores

score.eval[i] <- oda.score$scores.eval$scores

auc[i] <- oda.score$auc

auc.eval[i] <- oda.score$auc.eval

}

score.sd <- sd(score)

score.sd.eval <- sd(score.eval)

auc.sd <- sd(auc)

auc.sd.eval <- sd(auc.eval)

score <- mean(score)

score.eval <- mean(score.eval)

auc <- mean(auc)

auc.eval <- mean(auc.eval)
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print(paste("[", type.measure , "]"))

print(paste("auc␣=", round(auc , 3), "(", round(auc.sd , 3), ")"))

print(paste("score␣=", round(score , 1) ,"(", round(score.sd , 1), ")", "/", M

, "=", round(score / M, 3)))

print(paste("auc.eval␣=", round(auc.eval , 3), "(", round(auc.sd.eval , 3), ")

"))

print(paste("score.eval␣=", round(score.eval , 1) ,"(", round(score.sd.eval ,

1), ")", "/", M.eval , "=", round(score.eval / M.eval , 3)))

return(list(score = score , score.eval = score.eval , auc = auc , auc.eval =

auc.eval , N = N, N.eval = N.eval , M = M, M.eval = M))

}

# modified cv.glmnet in glmnet

oda.cv.glmnet <- function (x, y, weights , family , nfolds = 10, type.measure = "

deviance", ...) {

if (family != "binomial") {

stop("family␣is␣not␣binomial")

}

if (missing(weights))

weights <- rep(1, nrow(x))

else

weights <- as.double(weights)

glmnet.object <- glmnet(x, y, weights = weights , family = family , ...)

lambda = glmnet.object$lambda

outlist <- as.list(seq(nfolds))

foldid <- sample(rep(seq(nfolds), length = nrow(x)))

for (i in seq(nfolds)) {

which <- (foldid == i)

if (is.matrix(y))

y_sub <- y[!which , ]

else

y_sub <- y[!which]

outlist [[i]] <- glmnet(x[!which , , drop = FALSE], y_sub , lambda = lambda

, weights = weights[!which], family = family , ...)

}

cvstuff <- do.call("oda.cv.lognet", list(outlist , lambda , x, y, weights ,

foldid , type.measure))

cvm <- cvstuff$cvm

lambda <- cvstuff$lambda

if (type.measure == "score") {

plot(log(lambda), cvm , type = "l", xlab = "log(lambda)", ylab = "correct

␣answer␣rate", main = "correct␣answer␣rate␣in␣the␣most␣suspected␣20%

␣of␣the␣data")

} else {

plot(log(lambda), cvm , type = "l", xlab = "log(lambda)", ylab = "cvm")

}

out <- list(lambda = lambda , cvm = cvm , glmnet.fit = glmnet.object)

if (type.measure %in% c("auc", "score") ) {

lambda.min <- oda.getmin(lambda , -cvm)

} else {

lambda.min <- oda.getmin(lambda , cvm)

}

obj <- c(out , lambda.min = as.list(lambda.min))

class(obj) <- "cv.glmnet"

obj

}
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# modified cv.lognet in glmnet

oda.cv.lognet <- function (outlist , lambda , x, y, weights , foldid , type.measure ,

transformer = NULL , treelist = NULL) {

prob_min = 1e-05

prob_max = 1 - prob_min

N = length(y)

nfolds <- max(foldid)

lambda.eval.min <- max(sapply(outlist , function(obj) min(obj$lambda)))

lambda.eval.position <- (lambda >= lambda.eval.min)

lambda.eval.length <- sum(lambda.eval.position)

lambda.eval <- lambda[lambda.eval.position]

predmat = matrix(NA, N, length(lambda))

scores.matrix <- matrix(NA , nfolds , lambda.eval.length)

colnames(scores.matrix) <- lambda.eval

for (i in seq(nfolds)) {

which <- (foldid == i)

if (missing(transformer)) {

x.eval <- x[which , , drop = FALSE]

} else {

tree <- treelist [[i]]

x.eval <- transformer(x[which , , drop = FALSE], tree = tree)$x

}

if (is.matrix(y))

y.eval <- y[which , ]

else

y.eval <- y[which]

fitobj <- outlist [[i]]

if (type.measure == "score") {

oda.scores <- oda.scores(fitobj , lambda.eval , x.eval , y.eval)　　　　
　

scores.matrix[i, ] = oda.scores$scores / oda.scores$M

}

preds = predict(fitobj　,x.eval , s=lambda.eval , type = "response")

predmat[which , seq(lambda.eval.length)] = preds

}

nc = dim(y)

if (is.null(nc)) {

y = as.factor(y)

ntab = table(y)

nc = as.integer(length(ntab))

y = diag(nc)[as.numeric(y), ]

}

if (type.measure == "auc") {

cvraw <- matrix(NA , nfolds , length(lambda))

good <- matrix(0, nfolds , length(lambda))

for (i in seq(nfolds)) {

good[i, seq(lambda.eval.length)] <- 1

which <- (foldid == i)

for (j in seq(nlams[i])) {

cvraw[i, j] <- auc.mat(y[which , ], predmat[which , j], weights[

which ])

}

}

N = apply(good , 2, sum)

weights = tapply(weights , foldid , sum)
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cvm <- apply(cvraw , 2, weighted.mean , w = weights , na.rm = TRUE)

} else if (type.measure == "score") {

cvm <- apply(scores.matrix , 2, function(r) mean(r, na.rm = TRUE))

} else {

ywt <- apply(y, 1, sum)

y <- y/ywt

weights <- weights * ywt

N <- nrow(y) - apply(is.na(predmat), 2, sum)

cvraw <- switch(type.measure ,

mse = (y[, 1] - (1 - predmat))^2 + (y[, 2] - predmat)^2,

mae = abs(y[, 1] - (1 - predmat)) + abs(y[, 2] - predmat),

deviance = {

predmat = pmin(pmax(predmat , prob_min), prob_max)

lp = y[, 1] * log(1 - predmat) + y[, 2] * log(predmat)

ly = log(y)

ly[y == 0] = 0

ly = drop((y * ly) %*% c(1, 1))

2 * (ly - lp)

},

class = y[, 1] * (predmat > 0.5) + y[, 2] * (predmat <= 0.5))

cvm <- apply(cvraw , 2, weighted.mean , w = weights , na.rm = TRUE)

}

data.table(lambda = lambda.eval , cvm = cvm)

}

oda.getmin <- function(lambda , cvm){

cvmin <- min(cvm , na.rm=TRUE)

idmin <- (cvm <= cvmin)

lambda.min <- max(lambda[idmin], na.rm=TRUE)

lambda.min

}

7.4.3 STANDARD LOGISTIC REGRESSION

library("glmnet")

library("plotmo")

x.A <- data.matrix(data.A[, !c("CARAVAN"), with=FALSE])

x.B <- data.matrix(data.B[, !c("CARAVAN"), with=FALSE])

x.eval.A <- data.matrix(data.eval.A[, !c("CARAVAN"), with=FALSE])

x.eval.B <- data.matrix(data.eval.B[, !c("CARAVAN"), with=FALSE])

y <- as.factor(data.matrix(data[, c("CARAVAN"), with=FALSE]))

y.eval <- as.factor(data.matrix(data.eval[, c("CARAVAN"), with=FALSE ]))

w <- cbind(data , P = data[, .N, by=CARAVAN ][ CARAVAN == 1][, N] / data[, .N])[,

ifelse(CARAVAN == 0, 1 / (2 * (1 - P)), 1 / (2 * P))]

dim(x.A) # 5,822 * 63

dim(x.B) # 5,822 * 133

dim(x.eval.A) # 4,000 * 83

dim(x.eval.B) # 4,000 * 133

length(y) # 5,822

length(y.eval) # 4,000

length(w) # 5822

sum(w) # 5822

# execute glmnet; cross validation

## cv vs test in trainig dataset

set.seed (0); cvfit.A_cv.none <- oda.cv(n = 10, m = 500, x = x.A , y = y, w = w,

type.measure = "")
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set.seed (0); cvfit.A_cv.l1.score <- oda.cv(n = 10, m = 500, x = x.A , y = y, w =

w, type.measure = "score", alpha=1.0 , maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.A_cv.l1.deviance <- oda.cv(n = 10, m = 500, x = x.A , y = y, w

= w, type.measure = "deviance", alpha =1.0, maxit = 1000, lambda.min.ratio =

0.01)

set.seed (0); cvfit.A_cv.l1.auc <- oda.cv(n = 10, m = 500, x = x.A , y = y, w = w,

type.measure = "auc", alpha =1.0, maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.A_cv.l1.class <- oda.cv(n = 10, m = 500, x = x.A , y = y, w =

w, type.measure = "class", alpha=1.0 , maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.A_cv.l2.score <- oda.cv(n = 10, m = 500, x = x.A , y = y, w =

w, type.measure = "score", alpha=0.0 , maxit = 1000)

set.seed (0); cvfit.A_cv.l2.deviance <- oda.cv(n = 10, m = 500, x = x.A , y = y, w

= w, type.measure = "deviance", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.A_cv.l2.auc <- oda.cv(n = 10, m = 500, x = x.A , y = y, w = w,

type.measure = "auc", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.A_cv.l2.class <- oda.cv(n = 10, m = 500, x = x.A , y = y, w =

w, type.measure = "class", alpha=0.0 , maxit = 1000)

set.seed (0); cvfit.B_cv.none <- oda.cv(n = 10, m = 500, x = x.B , y = y, w = w,

type.measure = "")

set.seed (0); cvfit.B_cv.l1.score <- oda.cv(n = 10, m = 500, x = x.B , y = y, w =

w, type.measure = "score", alpha=1.0 , maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.B_cv.l1.deviance <- oda.cv(n = 10, m = 500, x = x.B , y = y, w

= w, type.measure = "deviance", alpha =1.0, maxit = 1000, lambda.min.ratio =

0.01)

set.seed (0); cvfit.B_cv.l1.auc <- oda.cv(n = 10, m = 500, x = x.B , y = y, w = w,

type.measure = "auc", alpha =1.0, maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.B_cv.l1.class <- oda.cv(n = 10, m = 500, x = x.B , y = y, w =

w, type.measure = "class", alpha=1.0 , maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.B_cv.l2.score <- oda.cv(n = 10, m = 500, x = x.B , y = y, w =

w, type.measure = "score", alpha=0.0 , maxit = 1000)

set.seed (0); cvfit.B_cv.l2.deviance <- oda.cv(n = 10, m = 500, x = x.B , y = y, w

= w, type.measure = "deviance", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.B_cv.l2.auc <- oda.cv(n = 10, m = 500, x = x.B , y = y, w = w,

type.measure = "auc", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.B_cv.l2.class <- oda.cv(n = 10, m = 500, x = x.B , y = y, w =

w, type.measure = "class", alpha=0.0 , maxit = 1000)

## training dataset vs test dataset

set.seed (0); fit.A.l1.none <- glm(y ~ ., data.table(x = x.A , y = y), family = "

binomial")

set.seed (0); cvfit.A.l1.score <- oda.cv.glmnet(x=x.A , y=y, weights=w, family="

binomial", type.measure = "score", alpha =1.0, maxit = 1000, lambda.min.ratio

= 0.01)

set.seed (0); cvfit.A.l1.deviance <- cv.glmnet(x=x.A , y=y, weights=w, family="

binomial", type.measure = "deviance", alpha =1.0, maxit = 1000,

lambda.min.ratio = 0.01)

set.seed (0); cvfit.A.l1.auc <- cv.glmnet(x=x.A , y=y, weights=w, family="binomial

", type.measure = "auc", alpha =1.0, maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.A.l1.class <- cv.glmnet(x=x.A , y=y, weights=w, family="

binomial", type.measure = "class", alpha =1.0, maxit = 1000, lambda.min.ratio

= 0.01)

set.seed (0); cvfit.A.l2.score <- oda.cv.glmnet(x=x.A , y=y, weights=w, family="

binomial", type.measure = "score", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.A.l2.deviance <- cv.glmnet(x=x.A , y=y, weights=w, family="

binomial", type.measure = "deviance", alpha =0.0, maxit = 1000)
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set.seed (0); cvfit.A.l2.auc <- cv.glmnet(x=x.A , y=y, weights=w, family="binomial

", type.measure = "auc", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.A.l2.class <- cv.glmnet(x=x.A , y=y, weights=w, family="

binomial", type.measure = "class", alpha =0.0, maxit = 1000)

set.seed (0); fit.B.l1.none <- glm(y ~ ., data.table(x = x.B , y = y), family = "

binomial")

set.seed (0); cvfit.B.l1.score <- oda.cv.glmnet(x=x.B , y=y, weights=w, family="

binomial", type.measure = "score", alpha =1.0, maxit = 1000, lambda.min.ratio

= 0.01)

set.seed (0); cvfit.B.l1.deviance <- cv.glmnet(x=x.B , y=y, weights=w, family="

binomial", type.measure = "deviance", alpha =1.0, maxit = 1000,

lambda.min.ratio = 0.01)

set.seed (0); cvfit.B.l1.auc <- cv.glmnet(x=x.B , y=y, weights=w, family="binomial

", type.measure = "auc", alpha =1.0, maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.B.l1.class <- cv.glmnet(x=x.B , y=y, weights=w, family="

binomial", type.measure = "class", alpha =1.0, maxit = 1000, lambda.min.ratio

= 0.01)

set.seed (0); cvfit.B.l2.score <- oda.cv.glmnet(x=x.B , y=y, weights=w, family="

binomial", type.measure = "score", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.B.l2.deviance <- cv.glmnet(x=x.B , y=y, weights=w, family="

binomial", type.measure = "deviance", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.B.l2.auc <- cv.glmnet(x=x.B , y=y, weights=w, family="binomial

", type.measure = "auc", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.B.l2.class <- cv.glmnet(x=x.B , y=y, weights=w, family="

binomial", type.measure = "class", alpha =0.0, maxit = 1000)

# plot coefficents over lambda

plot(cvfit.A.l1.deviance)

plot_glmnet(cvfit.A.l1.deviance$glmnet.fit , s=cvfit.A.l1.deviance$lambda.min)

sort(coef(cvfit.A.l1.deviance , s=cvfit.A.l1.deviance$lambda.min)[, 1])

png("plot_glmnet.A.l1.deviance.png", width = 9, height = 6, units = "in", res =

400)

plot_glmnet(cvfit.A.l1.deviance$glmnet.fit , s=cvfit.A.l1.deviance$lambda.min)

dev.off ()

# calculate prediction scores

invisible(oda.score(fit.A.l1.none , x = x.A , y = y, x.eval = x.eval.A , y.eval =

y.eval))

invisible(oda.score(cvfit.A.l1.score , x = x.A , y = y, x.eval = x.eval.A , y.eval

= y.eval))

invisible(oda.score(cvfit.A.l1.deviance , x = x.A , y = y, x.eval = x.eval.A ,

y.eval = y.eval))

invisible(oda.score(cvfit.A.l1.auc , x = x.A , y = y, x.eval = x.eval.A , y.eval =

y.eval))

invisible(oda.score(cvfit.A.l1.class , x = x.A , y = y, x.eval = x.eval.A , y.eval

= y.eval))

invisible(oda.score(cvfit.A.l2.score , x = x.A , y = y, x.eval = x.eval.A , y.eval

= y.eval))

invisible(oda.score(cvfit.A.l2.deviance , x = x.A , y = y, x.eval = x.eval.A ,

y.eval = y.eval))

invisible(oda.score(cvfit.A.l2.auc , x = x.A , y = y, x.eval = x.eval.A , y.eval =

y.eval))

invisible(oda.score(cvfit.A.l2.class , x = x.A , y = y, x.eval = x.eval.A , y.eval

= y.eval))
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invisible(oda.score(fit.B.l1.none , x = x.B , y = y, x.eval = x.eval.B , y.eval =

y.eval))

invisible(oda.score(cvfit.B.l1.score , x = x.B , y = y, x.eval = x.eval.B , y.eval

= y.eval))

invisible(oda.score(cvfit.B.l1.deviance , x = x.B , y = y, x.eval = x.eval.B ,

y.eval = y.eval))

invisible(oda.score(cvfit.B.l1.auc , x = x.B , y = y, x.eval = x.eval.B , y.eval =

y.eval))

invisible(oda.score(cvfit.B.l1.class , x = x.B , y = y, x.eval = x.eval.B , y.eval

= y.eval))

invisible(oda.score(cvfit.B.l2.score , x = x.B , y = y, x.eval = x.eval.B , y.eval

= y.eval))

invisible(oda.score(cvfit.B.l2.deviance , x = x.B , y = y, x.eval = x.eval.B ,

y.eval = y.eval))

invisible(oda.score(cvfit.B.l2.auc , x = x.B , y = y, x.eval = x.eval.B , y.eval =

y.eval))

invisible(oda.score(cvfit.B.l2.class , x = x.B , y = y, x.eval = x.eval.B , y.eval

= y.eval))

nvisible(oda.score(cvfit.B.l2.class , x = x.B , y = y, x.eval = x.eval.B , y.eval =

y.eval))

7.5 LOGISTIC REGRESSION USING PCA TREE

7.5.1 CROSS VALIDATION FOR PREDICTION SCORE

# x.B : matrix

pcatree.transformer.contribution <- function(x.B , tree = NULL) {

depth = 12

v.P <- Filter(function(x) {substr(x, 1, 1) == "P"}, colnames(x.B))

if (length(v.P) != 21) {

stop("length(v.P)␣!=␣21")

}

x.B.P <- as.matrix(data.table(x.B)[, c(v.P), with=FALSE])

if (missing(tree)) {

x.object.P <- pcatree.learn(x.B.P , depth , root.name="CONTRIBUTION ::",

size.min = 1)

tree <- x.object.P$tree

}

x.P <- pcatree.predict(x.B.P , tree , depth)

x.B_P <- cbind(x.B , x.P$filters)

return(list(x = x.B_P, tree = tree , filters = x.P$filters , labels = x.P$

labels))

}

oda.pcatree.cv <- function(depth = 10, n = 10, m = 500, x, y, w, type.measure ,

...) {

score <- numeric ()

score.eval <- numeric ()

auc <- numeric ()

auc.eval <- numeric ()

objects <- as.list(seq(n))

for (i in 1:n) {

print(paste("[", i, "]"))

id.test <- sort(sample (1: nrow(x), m))

x_cv <- x[-id.test , , drop=FALSE]

x_test <- x[id.test , , drop=FALSE]
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y_cv <- y[-id.test]

y_test <- y[id.test]

w_cv <- w[-id.test]

w_test <- w[id.test]

if (type.measure == "score") {

cvfit <- oda.pcatree.cv.glmnet(x=x_cv , y=y_cv, weights=w_cv , family=

"binomial", type.measure = "score", depth = depth , ...)

} else if (type.measure == "") {

cvfit <- oda.pcatree.cv.glmnet(x=x_cv, y=y_cv, weights=w_cv , family

="binomial", type.measure = "deviance", depth = depth , ...)

cvfit$lambda.min = 0.0

} else {

cvfit <- oda.pcatree.cv.glmnet(x=x_cv, y=y_cv, weights=w_cv , family

="binomial", type.measure = type.measure , depth = depth , ...)

}

objects [[i]] <- oda.pcatree.score(cvfit , x_cv , y_cv , x_test , y_test ,

depth = depth)

}

out <- as.list(seq(depth +1))

for (d in 0: depth) {

score <- numeric ()

score.eval <- numeric ()

auc <- numeric ()

auc.eval <- numeric ()

for (i in 1:n) {

object <- objects [[i]][[d + 1]]

N <- object$N

N.eval <- object$N.eval

M <- object$M

M.eval <- object$M.eval

score[i] <- object$score

score.eval[i] <- object$score.eval

auc[i] <- object$auc

auc.eval[i] <- object$auc.eval

}

score.sd <- sd(score)

score.sd.eval <- sd(score.eval)

auc.sd <- sd(auc)

auc.sd.eval <- sd(auc.eval)

score <- mean(score)

score.eval <- mean(score.eval)

auc <- mean(auc)

auc.eval <- mean(auc.eval)

print(paste("[", "(", d, ")", type.measure , "]"))

print(paste("auc␣=", round(auc , 3), "(", round(auc.sd , 3), ")"))

print(paste("score␣=", round(score , 1) ,"(", round(score.sd , 1), ")", "/

", M, "=", round(score / M, 3)))

print(paste("auc.eval␣=", round(auc.eval , 3), "(", round(auc.sd.eval , 3)

, ")"))

print(paste("score.eval␣=", round(score.eval , 1) ,"(", round(

score.sd.eval , 1), ")", "/", M.eval , "=", round(score.eval / M.eval ,

3)))

out[[d + 1]] <- list(depth = d, score = score , score.sd = score.sd ,

score.eval = score.eval , score.sd.eval = score.sd.eval , auc = auc ,
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auc.sd = auc.sd , auc.eval = auc.eval , auc.sd.eval = auc.sd.eval , N =

N, N.eval = N.eval , M = M, M.eval = M.eval)

}

out

}

# modified cv.glmnet in glmnet

oda.pcatree.cv.glmnet <- function (x, y, weights , family = "binomial", nfolds =

10, depth = 10, transformer , type.measure = "score", ...) {

if (family != "binomial") {

stop("family␣is␣not␣binomial")

}

if (missing(weights))

weights <- rep(1, nrow(x))

else

weights <- as.double(weights)

x.transformer.object <- transformer(x)

x.transformed <- x.transformer.object$x

x.colnames <- colnames(x.transformed)

tree <- x.transformer.object$tree

filters <- x.transformer.object$filters

labels <- x.transformer.object$labels

print(dim(x.transformed))

foldid <- sample(rep(seq(nfolds), length = nrow(x)))

cv <- as.list(seq(depth + 1))

x_subs <- as.list(seq(nfolds))

y_subs <- as.list(seq(nfolds))

w_subs <- as.list(seq(nfolds))

x_subs.transformer.objects <- as.list(seq(nfolds))

for (i in seq(nfolds)) {

print(paste("cv␣:", i))

which <- (foldid == i)

if (is.matrix(y))

y_subs[[i]] <- y[!which , ]

else

y_subs[[i]] <- y[!which]

w_subs[[i]] <- weights[!which]

x_subs.transformer.objects [[i]] <- transformer(x[!which , , drop = FALSE

])

print(dim(x_subs.transformer.objects [[i]]$x))

}

for (d in 0: depth) {

print(paste("depth␣=", d))

x.exclude <- which(x.colnames %in% Filter(function(c) {z = strsplit(c,

"::")[[1]]; length(z) > 1 && nchar(z[2]) > d}, x.colnames))

glmnet.object <- glmnet(x = x.transformed , y = y, family = family ,

weights = weights , exclude = x.exclude , ...)

lambda = glmnet.object$lambda

outlist <- as.list(seq(nfolds))

treelist <- as.list(seq(nfolds))

for (i in seq(nfolds)) {

y_sub <- y_subs[[i]]

transformer.object <- x_subs.transformer.objects [[i]]

x_sub.transformed <- transformer.object$x
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x_sub.colnames <- colnames(x_sub.transformed)

x_sub.exclude <- which(x_sub.colnames %in% Filter(function(c) {z =

strsplit(c, "::")[[1]]; length(z) > 1 && nchar(z[2]) > d}, x_

sub.colnames))

w_sub <- w_subs[[i]]

outlist [[i]] <- glmnet(x_sub.transformed , y_sub , family = family ,

lambda = lambda , weights = w_sub , exclude = x_sub.exclude , ...)

treelist [[i]] <- transformer.object$tree

}

cvstuff <- do.call("oda.cv.lognet", list(outlist , lambda , x, y, weights ,

foldid , type.measure , transformer , treelist))

cvm <- cvstuff$cvm

lambda <- cvstuff$lambda

out <- list(lambda = lambda , cvm = cvm , glmnet.fit = glmnet.object ,

exclude = x.exclude)

if (type.measure %in% c("auc", "score") ) {

lambda.min <- oda.getmin(lambda , -cvm)

} else {

lambda.min <- oda.getmin(lambda , cvm)

}

print(paste("lambda.min␣=", lambda.min))

obj <- c(out , lambda.min = as.list(lambda.min))

class(obj) <- "cv.glmnet"

cv[[d + 1]] <- obj

}

return(list(cv = cv, x = x.transformed , transformer = transformer , tree =

tree , filters = filters , labels = labels))

}

oda.pcatree.score <- function(cvstuff　,x.B , y, x.eval.B , y.eval , depth = 10) {

transformer <- cvstuff$transformer

tree <- cvstuff$tree

x <- cvstuff$x

x.eval <- transformer(x.eval.B , tree)$x

out <- as.list(seq(depth + 1))

for (d in 0: depth) {

print(paste("depth␣=", d))

cvfit <- cvstuff$cv[[d + 1]]

x.exclude <- cvfit$exclude

print(paste("#parameters␣=", ncol(x), "-", length(x.exclude), "=", ncol(

x) - length(x.exclude)))

oda.score <- invisible(oda.score(cvfit , x = x, y = y, x.eval = x.eval ,

y.eval = y.eval))

N <- oda.score$scores$N

N.eval <- oda.score$scores.eval$N

M <- oda.score$scores$M

M.eval <- oda.score$scores.eval$M

score <- oda.score$scores$scores

score.eval <- oda.score$scores.eval$scores

auc <- oda.score$auc

auc.eval <- oda.score$auc.eval

out[[d+1]] <- list(depth = d, N = N, N.eval = N.eval , M = M, M.eval =

M.eval , score = score , score.eval = score.eval , auc = auc , auc.eval

= auc.eval)

}

out

}

x.B <- data.matrix(data.B[, !c("CARAVAN"), with=FALSE])

x.eval.B <- data.matrix(data.eval.B[, !c("CARAVAN"), with=FALSE])

y <- as.factor(data.matrix(data[, c("CARAVAN"), with=FALSE]))
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y.eval <- as.factor(data.matrix(data.eval[, c("CARAVAN"), with=FALSE ]))

w <- cbind(data , P = data[, .N, by=CARAVAN ][ CARAVAN == 1][, N] / data[, .N])[,

ifelse(CARAVAN == 0, 1 / (2 * (1 - P)), 1 / (2 * P))]

dim(x.B) # 5,822 * 133

dim(x.eval.B) # 4,000 * 133

length(y) # 5,822

length(y.eval) # 4,000

length(w) # 5822

sum(w) # 5822

set.seed (0); cvfit.B_P_cv.l1.score <- oda.pcatree.cv(n = 10, m = 500, depth =

10, x = x.B , y = y, w = w, transformer = pcatree.transformer.contribution ,

type.measure = "score", alpha =1.0, maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.B_P_cv.l1.deviance <- oda.pcatree.cv(n = 10, m = 500, depth =

10, x = x.B , y = y, w = w, transformer = pcatree.transformer.contribution ,

type.measure = "deviance", alpha =1.0, maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.B_P_cv.l2.score <- oda.pcatree.cv(n = 10, m = 500, depth =

10, x = x.B , y = y, w = w, transformer = pcatree.transformer.contribution ,

type.measure = "score", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.B_P_cv.l2.deviance <- oda.pcatree.cv(n = 10, m = 500, depth =

10, x = x.B , y = y, w = w, transformer = pcatree.transformer.contribution ,

type.measure = "deviance", alpha =0.0, maxit = 1000)

set.seed (0); cvfit.B_P.l1.score <- oda.pcatree.cv.glmnet(x = x.B , y = y, weights

= w, transformer = pcatree.transformer.contribution , type.measure = "score"

, alpha=1.0 , maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.B_P.l1.deviance <- oda.pcatree.cv.glmnet(x = x.B , y = y,

weights = w, transformer = pcatree.transformer.contribution , type.measure =

"deviance", alpha =1.0, maxit = 1000, lambda.min.ratio = 0.01)

set.seed (0); cvfit.B_P.l2.score <- oda.pcatree.cv.glmnet(x = x.B , y = y, weights

= w, transformer = pcatree.transformer.contribution , type.measure = "score"

, alpha=0.0 , maxit = 1000)

set.seed (0); cvfit.B_P.l2.deviance <- oda.pcatree.cv.glmnet(x = x.B , y = y,

weights = w, transformer = pcatree.transformer.contribution , type.measure =

"deviance", alpha =0.0, maxit = 1000)

oda.pcatree.score(cvfit.B_P.l1.score , x.B , y, x.eval.B , y.eval)

oda.pcatree.score(cvfit.B_P.l1.deviance , x.B , y, x.eval.B , y.eval)

oda.pcatree.score(cvfit.B_P.l2.score , x.B , y, x.eval.B , y.eval)

oda.pcatree.score(cvfit.B_P.l2.deviance , x.B , y, x.eval.B , y.eval)
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