Data Mining in Space Physics: 1. The MineTool Algorithm

H. Karimabadi', T. B. Sipesl, H. White?, M. Marinucci’, A. Dmitriev®, J. K. Cha04, J. Driscoll', and N.
Balac’
ISciberQuest, Inc., Solana Beach, CA
2UCSD, San Diego, CA
3 Universidad Complutense de Madrid, Madrid, Spain

*Institute of Space Science, National Central University, Jung-Li, Taiwan

>San Diego Supercomputer Center, La Jolla, CA



12

13

14
15

16

17

18

19

20

21

22

23

24

25

26

27

28

Abstract

A novel data mining method called MineTool is introduced which by virtue of
automating the modeling process and model evaluations, makes it more accessible to
non-experts. The technique aggregates the various stages of model building into a four-
step process consisting of (i) Data segmentation and sampling, (ii) Variable pre-selection
and transform generation, (iii) Predictive model estimation and validation, and (iv) Final
model testing. Optimal strategies are chosen for each modeling step. However, the
modular design of the MineTool enables the substitution of alternative strategies in any
of the four modeling steps. A notable feature of the technique is that the final model is
always in closed analytical form rather than “black box” form of most other techniques.
MineTool can be used for analysis of data (e.g., time series) as well as images. The utility
of the technique is illustrated through several examples based on synthetic data.
Application of the technique to analysis of spacecraft data will be presented in

subsequent papers.
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1. Introduction

Space physics is data centric and relies heavily on the use of spacecraft data for further
advances in the field. Here we introduce a new technique in data mining as an aid to the
traditional data analysis approach based on visual inspection of data. Data mining is an
umbrella term and is used with varied meanings in a wide range of contexts. Here we
define data mining as algorithmic approach to data exploration and knowledge discovery.
Some of the immediate data mining functionalities of general interest in space physics,
applicable to both time series data as well as images/pixels, include event detection and

classification.

The adoption of data mining techniques in space physics has been slow partly due to the
steep learning curve of some of the techniques and/or the requirement to have a working
knowledge of statistics. Another factor is the existence of a plethora of data mining
approaches and it is often a daunting task for a scientist to determine the appropriate
technique. Our goal is to make data mining more accessible to non-experts. Here we
present a novel data mining technique, called MineTool, which provides a self-contained
step by step procedure for model building. Another key advantage of MineTool is that
the solution is always in an analytical form rather than a “black box” solution as in most

standard techniques.

The results and applications of MineTool to spacecraft data will be reported in
subsequent papers. Here we focus on describing the technique itself. The rest of the

paper is organized as follows. Data mining algorithms are deeply rooted in mathematics
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and MineTool is no exception. Section 2 introduces the underlying algorithm of
MineTool. This section is by necessity highly mathematical and can be skipped for users
less interested in the details of the algorithms. Section 3 illustrates the utility of the

technique through several examples. Summary and conclusion are in Section 4.

2. MineTool

An important algorithmic issue in data mining is how to find the optimal complexity of
the model or the fitting function. Too much complexity in the model can result in overfit
whereas not enough complexity can result in underfit . Overfit can happen for example if
the algorithm was trained excessively to the point where it adjusts to specific random
features of the training data. In the process of overfitting, the performance on the training
set increases while the performance on the validation (unseen) data becomes worse.
Underfitting occurs when the algorithm performs too much of the generalization and
oversimplifies the model to the point where it does not capture the true underlying
problem structure. The model is too simplistic/biased to pick up on the important
features of the unseen data. As a result the model may work well on small training sets
but as the amount of training data increases, its performance suffers because it underfits

the data.

Recently White [2006] described a new family of methods called QuickNet which
underlies MineTool. These methods aim directly at balancing the competing dangers of

underfit and overfit to identify the level of model complexity that guarantees the best out-
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of-sample prediction performance without ad-hoc modifications to the fitting algorithms
themselves. While QuickNet provides a general method, it leaves open several choices in
specific implementation of the various modeling steps. Different specific
implementations of QuickNet exist, such as RETINA [Pérez-Amaral et al., 2005] and
RETINET [Marinucci, 2006]. MineTool uses QuickNet as the basis, draws from
RETINA and RETINET for its specific implementation schemes, and includes additional
customization features. The methodology improves the neural network-like modeling
approach, and is developed specifically to address the problem of identifying a model
architecture with many potential variables while avoiding overfitting. We accomplish
this by choosing the predictive model architecture to be linear in the parameters, yet built

on possibly highly non-linear transformations of the input.

2.1 MineTool Algorithm — the Four-Step Modeling Process

From a high-level point of view, the input to the MineTool algorithm is a set of input
vectors X, and the output is the vector of predicted target values Y, created using the
MineTool method. Here we denote vectors in bold. As an example, let us consider the
problem of identifying FTEs in time series data. In such an example, X; could consist of
components of magnetic field, plasma density, and plasma velocities and Y could be a
binary tag assuming values of 0 and 1 with 0 indicating that a particular observation i is
not a FTE and with 1 indicating that it is a FTE. Table 1 illustrates the dataset that is
given as an input to the MineTool algorithm. The data matrix consists of K input

variables (X|), one output variable (Y) and N observations or samples. Column Y
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represents the output or target values, one for each of the samples described by the input
variables X;. The algorithm searches for a model M that best relates rows of the input

variable values Xj; to the appropriate target value yi:

yi=M(Xj), wherei=1,....Nandj=1,....K (1)

To produce the model M (equation 1) using the MineTool approach, the algorithm
follows four major steps, as illustrated in Figure 1. After sampling the data, the algorithm
calculates the dependencies and correlations of the input X and the transformations of X,
producing various candidate models which are evaluated, and the best predictive model is
chosen, creating an accurate forecast or prediction of the target values Y. Figure 1 also
shows step 1b, the detection of anomalous data that is planned to be implemented in the
near future, and hence is just suggested (in dashes) in the figure. We now give a more

detailed description of each of the modeling steps.

Step 1: Data Segmentation and Sampling. To guarantee the greatest success of the
models, MineTool requires data to be split at multiple stages in the modeling process so
that there are systematic tests of real-world performance throughout. To ensure that this
system works reasonably well, a percentage of the data are “held out”, or completely
reserved to serve as novel or unseen data. The records are selected into their respective
samples at random; the samples used for modeling are as follows:

« Training and validation— Used to estimate and validate candidate model

parameters. Used in the cross-validation of modeling results to verify performance of



119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

selected variables based on out-of-sample R-squared measures. The validation
sample is critical to the model selection and variable transform generation process as
it allows measurement of forecast performance out of sample. This set is further
divided into three sub samples, each used for a different purpose, producing six
ordering combinations (Figure 3) that are varied in the algorithm to further increase
the accuracy, as described bellow.

«  Hold-out—Held entirely outside the estimation and validation process, these data

are used to give the model some real-world exercise.

Step 1b: Anomalous Data Detection. This step is needed to identify the data that might
have unusual influence on the model estimation routines, and therefore be potentially
detrimental for the model accuracy. After sampling, the data will be processed by the
outlier detector, a form of a clustering algorithm that allows multivariate outliers to be
identified among the data. An outlier is identified as a record that is distant from its &
nearest neighbors and which therefore lies in a region of low probability density. For
classification problems the data are separated between the target=0 sample and the

target=1 sample so that outliers can be identified relative to these separate groups.

Step 2: Variable Pre-Selection and Transform Generation. The final task before
beginning the model fitting process is the variable transform generation and a preliminary
elimination of non-predictive variables to reduce model complexity. The transforms

generated at this stage include the following for all of the variables on the input dataset:
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« Level one transforms—Univariate continuous variables are grouped into cross-
products, squares, inversions and divisions. The level one transformations are
defined as:

. LX) = { Xi*Xit%,..., Xi'Xi’}, where a, b=-1,0, l and h,1=1, ..., K

giving a total of 1 + 2K + 2K variable transforms of the original K inputs. Please

note that the original variables are a part of level one transforms (e.g. X;' Xz° = X)).

+ Level two transforms—These are the interaction level transforms of the level one
transforms, allowing four-term transformations, such as Xi?X,? or Xz*.  The
algorithm takes care of the redundancies, such as (X;*)( X;?) = 1, and divisions by

Z€10.

«  User defined transforms—User can include additional transforms.

Next, all of the variables generated up to this point are tested for performance on the
target variable. The main statistic for evaluating performance of the transforms £(X;) is
the univariate R-squared score. To measure the R-squared, we use the square of the
linear correlation coefficient, or Pearson’s R: R-squared = [cov(¥, X)/(var(Y) var(X))]*,
where cov(X,Y) is the covariance of X and Y, and var(X) is the variance of X. The R-
squared score is used to order the transformations according to their correlation to the

output Y.
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Step 3: Predictive Model Estimation and Validation. As with most pattern recognition
problems [e.g. Ripley 1996], there are far more potential candidate variables for
inclusion, even after selection for univariate predictive power, than can actually be
accommodated in a predictive model. There are several significant risks in this situation.
One is that potentially useful candidates get overlooked simply because there are too
many variables to evaluate. Another is that if a systematic routine for evaluating and
including variables is used, it can lead to overfit. Finally, many candidate variables are

likely to be redundant, which can cause difficulties for the estimation routines.

MineTool deals with all of these issues by combining the theoretical nonlinear curve
fitting capability of the typical ANN with the stability of hierarchical techniques. The

predictive modeling phase of the algorithm consists of the following basic steps:

1 - Variable testing for inclusion into a candidate model
2 - Model estimation
3 - Non-linear input variable addition, if needed

Step 4: Final Model Testing. This step is used to ensure that whichever model is
selected as the final model, it is truly better than a simpler benchmark (linear regression
model created using the original variables) or other candidate models, on unseen data.
We use a holdout dataset for this purpose set aside specifically to test the final model(s).
We perform cross-validated testing (CVMSE) of the final model on this unseen data, to

get the estimate of the model’s performance on novel data.

2.2 Putting It All Together
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2.2.1 Specifics of the MineTool Method

MineTool creates a predictive model architecture that is linear in the parameters.
The model parameters are either linear combinations of the input, linear transformations
of the input variables ({(X,)), or highly non-linear transformations of the input (¥(X,Y)).

Equation 2 describes the general form of a MineTool model:

P 0
yi=Xja+ D {(Xp)'8y+ > ¥(Xi,7q) Bg ()
p=l1 g=1

Here prime indicates transpose of the vector, index i refers to the i observation, P
is the number of linear transformations (which does not include the original variables as
they are already included in the first part of the Eq. 2), and Q is the number of
neurons/hidden layers. B is a vector coefficient of the nonlinear transformations and is to
be determined from the modeling process and ¥ is a given activation function. In its
simplest form, the model would be a linear combination of the input parameters (i.e. a
linear regression model). MineTool goes beyond a simple linear model by introducing
the linear (such as level-1 and level-2 transformations producing cross-products, ratios,
squares, cubes etc.) and non-linear transformation of the input variables, if their addition
increases the model accuracy. The non-linear transforms ¥ are single hidden layer
feedforward Artificial Neural Net (ANN)-like transforms, just like the ANNs of the same
architecture, with the difference that the non-linear transformed inputs are combined into

a linear model (i.e., added, instead of combined by a non-linear function p).

10
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Figure 2 graphically illustrates the architecture of a MineTool model, as defined
in Eq. 2. As depicted in the figure, we see that the power of a MineTool method comes
from the fact that the model it produces is linear in the parameters, allowing for highly
non-linear parameters, only if needed. In the next sections we discuss the

implementation details of the MineTool method.

2.2.2 Candidate Model Building and Testing

In this section we elaborate on the candidate model building and the model testing and
selection processes (Steps 3 and 4 in Figure 1). We illustrate the details of the model
building and testing steps in Figure 3. In the MineTool methodology, after the linear
input transforms are created, they (the original inputs are a part of them) are considered
for inclusion into the current candidate model architecture. To improve accuracy,
MineTool accomplishes this by dividing the training data into three sub-samples (S;, S,
and S;). The three sub-samples are ordered into six possible orderings (S;S2Ss3. S1S3S,, ...

,S35,S1). For each sub-sample combination or ordering, we perform the following:

e Using the data from the first sub-sample S;:

O Order the candidate transforms {(X), start with the one most highly
correlated to Y: This step produces an ordered list of {(X)’s, with the
Cn(X) most correlated to the output at the top. For example, we would

have a list that looks like: X3*, X5°X2%, X3/X1%, 1/X3%, X, ...

11
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0 Start building the candidate model using the first transform (i.e., the one

most highly correlated with Y) from the list (in our example that would

be X34).

Consider other variables from the list if they satisfy the colinearity
threshold A: In our example, we would start with X32X22 and check
whether it should be included in the candidate model. We only include a
transform i(X) if the R-squared of the regression of (i(X) already
included in the model is less than or equal of A. We calculate the R-
squared of §i(X) by, in our example, inputting X;* into a linear regression
model and predicting X3*X,”. We then calculate the R-squared of the
actual and the predicted value of X3°X,? and if it satisfies the A criterion,
it gets included into the model. For the sake of our example, let’s say
that X3* and X32X,” have both been selected for the model inclusion, and
we are proceeding with deciding whether to include X3/X;” (the next
variable transform from our list). We decide whether to include X3/X12
by inputting X3* and X3*X,” into a linear regression model and predicting
X3/X;>. We then calculate the R-squared of the actual and the predicted
value of X3/X12 and if it satisfies the A criterion, it gets included into the
model. This is repeated for all the variable transformations on the sorted
list of variable transforms, and we end up with the transforms to be
included into the current candidate model (for the given subset ordering,

and the given value of A).

12
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0 We then increment A and repeat the process of the candidate model

creation, for each of the values of A (by default, A = 0.1, 0.2,..., 1.0). For
each value of A we end up with a different set of variables and a different
model. For the default value range of A, we end up with 10 different

models, one for each increment of A.

Using the data from sub-samples S, and S;:

0 Estimate each candidate model consisting of the variables chosen in the

previous step, using the data from S; only, and computing the CVMSE
1 N

on S; where CVMSE = NZ(EIS 2)2 , where N is the number of

instances, and E;>” is the modeling error of the instance k when the latter

is taken from the validation subset S;.  This is done by inputting all the

chosen transforms into a linear regression model and predicting the

output Y. We then compute the CVMSE of the predicted value of Y and

the actual value of Y, on the sub sample S,.

Using the data from sub-samples S, and S;:

0 Finally, we perform an evaluation of all the chosen candidate models

(one for each A ) out-of-sample, using the data from S;,

13



269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

This process is repeated six times, each time using a different ordering of the sub-
samples. To summarize the models, and possibly find an even more accurate model, we
follow this step by a creation of the union model [Perez-Amaral et al., 2003]. The union
model takes all the variable transforms selected by the previous six steps and creates a
new (union) model, which is then evaluated out-of-sample. In the final step, we perform
the evaluation of all the seven models (six models created from the different iterations
through the sub-sample ordering, and the seventh, union model) and produce the best
predictive model, offering the highest accuracy (as measured by the CVMSE) on the

hold-out data.

The next step is to check the adequacy of the obtained evaluation results, and if
higher scores are expected or needed, we proceed with the generation of the non-linear
variable transforms (W(Xy)), as described in the following section and illustrated in
Figure 6. Once the non-linear transforms are created, they are merged with the linear
transformations, and processed using the sub sampling technique we just described in this
section (Figure 5). The final model consequently contains both linear (original inputs X
and the linear transformations {(X)) and non-linear terms (¥(Xy)), and often offers a

higher accuracy than just the linear-term model.

2.2.3 Non-Linear Variable Transform Generation

As depicted in Figure 3, if the evaluation scores of the model containing only the
linear transforms of the input variables are not as high as the user expected, or the user

wishes to check the model accuracy when the non-linear terms are used, MineTool

14
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proceeds to building and then adding the non-linear transformations to the model (Fig. 4)
which may lead to increase in accuracy. Once the non-linear transformations W(X y) of
the input are created, they are merged with the linear transforms selected in the previous
steps of the algorithm, and a new set of models with the combined linear and non-linear
parameters is created. The process to create this mixture model is identical to the process
described in the previous section, and the result is six predictive models and one union
model to be evaluated on the hold-out data.

The goal of introducing a number of nonlinear transformations is to improve the
approximation to our target variable Y. Broadly speaking, the procedure is iterative and
besides some user defined parameters, it needs an estimated error vector as a starting

point. In our case this is obtained by the previous step ase =Y —-M(0) where

P
M@0) =X} a+ z ¢ (X)'dp is the non-ANN part of the model involving selected level 1
p=1

and 2 transforms of the original X data matrix. In the first iteration a user established
number ¢ of non-linear transforms is selected such that M (1) =M (0)+¥(X)¥) ,3
where p is a suitable parameters vector chosen randomly by exploiting Stinchcombe and

White’s (1998) results on model misspecification. Here Xy is a matrix which does

include the same number of observations of X but a subset of original inputs (why this is
not the complete data matrix X will be made clear further). The terms & and ,3 are
estimated by OLS while keeping y fixed. Finally a new error
vectoré =Y - M (0)—¥(X s()¥) ,3 is computed. This process is repeated until a user-

defined maximum number of iterations / is achieved, resulting in Q=c*I non-linear terms

added to the initial M(0) model which is then processed through the main loop in Figure 5

15
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for the final model determination. Non-linear estimations procedures are avoided since
the parameter vectors y of the hidden units are generated randomly.

Although the algorithm presented here has Quicknet [White, 2006] as its core, it
does differ in its detail in several important respects. For example, here we use a subset
X; < X of the inputs to build the hidden units instead of the all the available X. We also
allow the users to choose among a mix of three different types W of squashing functions,
namely Logistic, Radial Basis and Ridgelets ANN. The user also has the option to add
other powerful approximation methods that are special cases of ANN such as Fourier
Transforms, Bernstein, Hermite or Chebycheff polynomials, among others. By allowing
the algorithm to choose among several squashing functions, we typically obtain more
accurate results.

To create the non-linear transformations ¥ of the input variables X, we use a
simple, yet very effective iterative process (as illustrated in Figure 4). At each iteration (i
=1,..., I), the method randomly selects a subset of the input variables X, creates m = 100
potential non-linear transformations with the use of a different basis function (such as
logistic, radial basis and ridgelets), and selects the ¢ = 5 most correlated non-linear
transforms ¥ with the residuals (or, the error) of the model created in the previous step.
At the beginning or step 0 of the process, model M(0) is the best model created using just
the linear transforms of the input. The error is the difference between the actual output Y
and the predicted value given by M(0). The goal of including the non-linear transforms is
to add new parameters to the model, to fill in the difference between the actual output
value Y and the output value given by the best model created by that point in time. This

iterative process is repeated until we reach the predetermined number of Q = 50 non-

16
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linear potential terms to be added to the model, in I = 10 increments of ¢ = 5. At each of
the iteration steps, the new model is created by adding the non-linear terms to the existing
linear terms, and entering all of the transformations into a linear regression model. This
produces a new set of coefficients (both for the linear and non-linear parameters) and a
new predictive model, slightly more accurate than the model in the previous step, M(i-1),
as displayed in Figure 4. Once the top Q = 50 non-linear terms are selected as potential
terms to be added to the model, they are merged with the best linear terms (as illustrated
in Figure 3), where the best overall linear and non-linear transforms are selected (i.e. in
general less than 50 non-linear terms are chosen) to produce the best possible model, as

tested on the out-of-sample data.

2.2.3.1. Input Selection Probabilities

The reader may wonder how step 1 (where the input variables are used to build the ANN
transforms) is practically implemented since at the i-th iteration we select just a subset s <
K of inputs to produce m ANN candidate transforms. Indeed we could use all K inputs to
produce these transforms, simply setting s=K. We prefer the subset approach which is
motivated by the fact that K may be potentially large. It is more convenient to use few
inputs to produce each non-linear transform, since these will be easier to interpret in the
analytical terms.

In order to produce m ANN candidate transforms we have to select m possible
input sets. In turn each input set may include a different number of inputs. To make clear

this point consider a case in which we have only three inputs. Define a vector /={a,b,c} of

17
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indexes corresponding to the inputs {X, X5 X.}. Then, all possible input sets of different
size s=1, s=2, s=3 are given by all possible combinations of three elements on s=1, s=2,
s=3 positions, that is: S={(a),(b),(c),(a,b),(b,c),(a,c),(a,b,c)}. Our objective is then to
generate m of such input sets with replacement at each iteration by randomly extracting
them from S. Nonetheless we want to assign a higher selection probability on those inputs
sets which have a small number of elements. In terms of our previous example this means

that we would like:

Pria}=Pr{b}=Pr{c} > Pr{a,b}= Pr{b,c}= Pr{a,c} > Pri{a,b,c}.

A possible strategy to satisfy the above conditions is to adopt a weighting scheme on

each element of the set S which is proportional to the inverse of the size s of the input set.

Following with the above example, we would have the following result as shown in

Table 2.

Thus, by simply normalizing the selection factors such that their sum is 1, we obtain the

necessary weights in order to favor the selection of small-sized input sets over bigger-

sized input sets.

2.2.3.2. Construction of the y,, weight vectors

The proper choice of the weight vectors is relevant in order to generate a plausibly useful

collection of candidate nonlinear predictors. First we must avoid the generation of
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candidate ANN transforms that are collinear with previously included predictors. By the
same token predictors that are approximately constant or have reduced range of variation
should also be avoided.

In order to ensure these desirable properties, we first generate the hidden units by
scaling adequately and selecting randomly the elements of the weights vector y,, such that
the magnitudes of the coefficients (usually position and the scale parameters) are
comparable and independent of each other. As an example take the logistic squashing
function ¥ (pp+ y; X) with a single predictor X having mean zero and parameter vector
y=(y0, y1). If o (the scale parameter) is chosen too large in absolute value compared to y;
X, then ¥ (yo+ y; X) behaves approximately as ¥ (yg), which means that it will be
roughly a constant. If yp; (the scale parameter) is chosen small relative to the standard
deviation of X then ¥ (yy+ y; X) will vary proportionally as y,+ y; X, and therefore be
collinear with respect to W (yo+ y; X). To avoid such problems and let ¥ (y)+ y; X)
behave as a nonlinear function of X, it is thus recommendable to scale y, y; adequately
and to choose them independently. Independence will be warranted by choosing y, y;
randomly. This ensures that correlation among predictors is reduced which is also
enforced by further standardization of the generated hidden units. Standardization is
beneficial in the fact that it reduces potential numerical problems that may arise during
matrix inversions during OLS estimations if the magnitudes of the variances of the
predictors vary greatly. These considerations are general and hold in the multivariate
case, as well as for different activation functions besides the Logistic Activation function

(in our case Ridgelets and Radial Basis Functions).
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2.2.3.3. Basis functions

The logistic function is probably one of the most popular basis functions in the ANN
literature and is given by:

1
¥ .(x) = 3
1 el + 70, ®

where y; j e R* and Y0 is scalar. There is a wide range of choices available for the

definition of the basis functions ¥ . Given that our primary objective is to obtain as good
an approximation to Y as possible, we consider two other powerful approximation
methods, Radial Basis Functions [Powell, 1987; Lendasse et al. 2003] and Ridgelets

[Candes 1998]. Ridgelets are defined as:

1 x'?’zj—J/oJ')

v ( (4)
Jnj Nj

wherey, ; € R¥, Y071, are scalars and y is admissible, namely:

\Pj(X)=

jzht//(z)dz =0 (%)

with h=0),...,d/2-1. We are motivated to use Ridgelets because they turn out to be optimal
for representing otherwise smooth multivariate functions that may exhibit linear
singularities.  Finally, Radial Basis Functions (RBF) are linear combinations of

multivariate densities, accommodating a mixture of densities as a special case:

¥ () =expl- (71,072, (= 71) (6)
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where y, ;is a (nx k) centering matrix and y; ; is a (kx k) suitable inverse of a given

covariance matrix.

2.2.4 The MineTool Method Input Parameters

One of the main advantages of MineTool over standard data mining methods is its ability
to automatically analyze data and build predictive models. However, there are a few
input parameters, normally set to default values, which could be changed (in case the user

chooses to experiment with different values). The method input parameters are:

e redundancy threshold A=0.1,0.2, ..., 1.0

e number of candidate non-linear transforms (per basis function) m = 100

e total number of added non-linear transforms (single hidden-layer
feedforward units) Q = 50 (in increments of ¢ = 5)

e non-linear transformations: Logistic, Ridgelets and Radial Basis Function

The redundancy (or colinearity) threshold A controls which available transformations are
included into the candidate model. Higher values of A mean more relaxed redundancy
checks for variable inclusion. One might choose the A increments to be higher than 0.1 in
order to speed up the model building process (at the cost of potentially missing a few
possibly excellent candidate models in the process). The other input parameters are used
only for nonlinear modeling. The integer m defines the number of non-linear
transformations that are created per each basis function, to be further evaluated for the

inclusion into the model. We find that m = 100 works reasonably well and offers a nice

21



448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

tradeoff between finding good non-linear transforms in a reasonable amount of
processing time. Moreover, we add them in increments of ¢ = 5 at the time, which seems
to work really well for the datasets we have analyzed so far. We also find that using the
logistic function, ridgelets and the radial basis function helps solve a variety of problems,
when used as the basis functions for the non-linear variable transforms creation. Other

functions could be used as well.

3. Description of the Test Problem

We are currently applying MineTool to a number of projects using spacecraft data.
These include development of a 3D model of magnetopause, identification of flux
transfer events and traveling compression regions, among others. We will report on these
studies elsewhere. Here our goal is to benchmark the algorithm under controlled settings.
Given that the models derived form MineTool are in analytical form, we consider two
test problems where the test data is generated from analytical equations. We then apply

MineTool to the test data and determine how well we can recover the original equation.

3.1 Test Problem 1

Here, we demonstrate Mintool’s performance using a data set generated with an

exponential function, and show that (i) Minetool can recover the original function when

exponential functions are included in the library of transformations, and (ii) that if we
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exclude exponentials from its list of transformations, MineTool recovers the first few

terms of a Taylor expansion of an exponential.

We generated a data set consisting of 10,000 observations using random input variables

on the following intervals:

X =1[-2,2]
X2 =1[-2,2]
X3 =1[-2,2]

and the goal variable was generated as:

Y =3+5X] +exp(X3)+noise (7

where the noise is Gaussian distributed with sigma of 1. Note that Y has no dependence
on X; and we were interested in checking whether the variable selection procedure of
MineTool would discard X, from the model. Each of the 10,000 lines contained a set of

Xi, X3, X3, and a goal variable Y generated from those numbers.

Without an exponential fit function. The Taylor expansion of an exponential function

is particularly simple: exp(x) ~1+x+1/ 2x% + ...

In the default mode, Minetool does not generate exponential transforms. In this case,

MineTool’s best fit model is:
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Y =3.95+498X, +1.44X5+0.658X3  (8)

This is very close to the original equation (7), with the exponential replaced by the first
three terms of the Taylor expansion. Notice that the coefficients are not exactly what
would be calculated from the expansion; this is due the fact that Minetool calculates the
best multivariate fit using all the available input data, whereas a Taylor expansion is
constructed so that it is most accurate around X=0. Also note that the spurious variable
X, is absent from the model, providing confidence in the variable selection algorithm of

MineTool.

With exponential transforms of input data. Next, we added exponential transforms to
the list of transformations that MineTool would consider in the model building process.

The best fit model created by Minetool (as measure by mean average error) is:

Y =3.03+4.99.X +0.99 exp(X3) (9)

Comparing equations (7) and (9), we observe that MineTool was able to derive the
original equation to a very high accuracy from the data. In this example, the A feature of
the modeling process which eliminates redundancy in the model was critical to obtaining

the correct model. The transformed variable exp(X7) is highly correlated with Y (since it

looks somewhat like a straight line, or the variable X,), but is excluded from the fit model
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becauseexp(X;) is highly correlated with the variable X, which is already included in

the model.

3.2 Test Problem 2

Next, we consider a case where the original equation is much more complex. Our
starting point is an empirically derived model of magnetopause [Shue et al., 1997] which
was obtained by using least square fit to a pre-defined functional form using spacecraft

data:

R=R,(

)¥ where a:(0.58—0.0132)(1+0.01Dp), (10a)
1+cos@

1
R, =(11.4+0.013B,)(D,) 66 for B, >0 (10b)

1
R,=(11.4+0.14B,)(D,) 66 for B,<0  (10c)

Here R and 6 are polar coordinates representing the position of the magnetopause, and B,
and D, are the z-component of the interplanetary magnetic field (IMF) and solar wind
dynamic pressure, respectively. This model has a complex dependence on B. and D,
including a change in the functional form as a function of sign of B., and thus makes it an

1deal choice for our test.

25



534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

We find it convenient to work with the following variables: log(R), cos(6), In(D,), and B..
We then generate a data set of log(R) for a range of values in cos(0), In(D,), and B.. The
idea is to use the resulting data set and derive a model for log(R)=f(cos(0), In(D,), B.)

which can then be compared against the original equation (10).

We consider two cases: (i) noiseless case and (ii) noisy case where:

log(R’)=log(R) + sigma * random  (11)

with R’ representing the magnetopause distance with noise. Here R is from Eq. (10a),
sigma 1is the level of noise, and random is a random value from -co to +oo, which has a
normal statistical distribution with a mean of zero and a standard deviation of one. The
level of noise is regulated by the dispersion sigma. Because random can reach very large
positive and negative values, we introduce upper and lower limits for R’. The upper limit
R max 18 equal to 20 Rg and the lower R’,;,=4 Rg. Here Rg is the earth’s radius. The
limitation is also useful for realistic representation of the orbital bias in experimental

measurements, which are usually restricted by a satellite perigee and apogee.

Binning Scheme

We used the above scheme to generate a data set of R consisting of 10800 data points for
various values of 6, B. and D,. We binned the data set to reflect the proper statistics of

solar wind conditions. The solar wind pressure D, has a log-normal occurrence
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probability distribution with maximum ~2 nPa. Hence we chose 30 bins of D, in a range
from at least 1 nPa to 50 nPa according to: exp{/n(1)+(i-1)*[In(50)-In(1)]/29}, where
i=1...30. Because the dependence of R on B, is approximately linear, we used nine bins
for B, with 5 nT step in the range of -20 to 20. It can be shown that a uniform coverage

of magnetopause surface requires a 0 binning of the form:

% qin2
B1=6+Ai(6), and  A,(6) = const* (—2——)?sin0dcosd+ 205N L (19
1+ cosé 1+ cosé

3.2.1 Results

In this section we compare and contrast the results, including the resulting analytical
equations, from various algorithms. We use three different error measures, root mean
squared error (RMSE), mean absolute error (MAE), and mean relative error (MRE), to

compare performance across models:

RMSE = \/ 1 Z (predicted — actual)’

nig

MAE = 1 Z / predicted, —actual, / (13)
n s

n

MRE = 1 Z predicted, — actual,
nia actual,

Here n is the number of data samples.
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3.2.2 Noiseless Case

To enhance numerical accuracy, MineTool works with standardized variables denoted by

x, which are related to the usual variables x by: x; = (x— )/ o, where p is the mean and
o is the standard deviation. Note that cos (@) refers to the normalized version of

cos(#) rather than cosine of normalized . Here we chose the benchmark model based

on linear regression of the three variables cosg(6),Ing (Dp), and B_, (but in general any

model can serve as a benchmark):

log(R) =—0.0632268 cos; (0) —0.0841309In (D) +0.024491B,, +0.9859123  (14)

or expressed in terms of non-normalized variables:

log(R) =-0.2127 cos(#) —0.0577In(D ,) +0.001946 B, +1.204 (15)

Note that this equation is very similar to that obtained from Pace Regression Eq. (A.3).

The best candidate model in MineTool based on linear transformations consists of 43

explanatory variables including one constant. The 10 leading terms are listed in Table 3.
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Next we examined the possibility of obtaining more accurate results by including
nonlinear functions (neural nets) in the model as in Eq.(2). Note that MineTool still
produces an analytical model even in case of neural nets. The neural net model we tried
had 50 candidate hidden units. The resulting analytical model has the form:

log(R) = § G; + 425 ‘P(hiddenlayerj) + constant (16)
i=1  j=1
where G; consists of the nonlinear combination of variables, and the W(z) includes
ridgelets and radial basis functions. Note that the nonlinear transformation stage results
in 50 terms in ‘Y(z) but the final modeling process (Fig. 3) often results in reduction in the

number of needed terms. In this case, the number of hidden layers kept has been reduced

to 45. The summation involving ‘¥(z) is the ANN contribution to the model.

Table 4 compares the performance of the three models in MineTool on the hold-out data.
A visual method of gauging the performance of the results is to plot the actual versus the
predicted values as shown in Fig. 5. In the zero error limit, all data will be lined up along
the 45° line. Visual inspection of this figure along with the error measures in table 4
reveal a number of interesting points. First, the simple regression model (benchmark)
does a reasonable job and with RMSE of ~0.026 would be considered adequate for most
space physics applications. Secondly, the ANN model of MineTool achieves an

amazingly high accuracy.

Figure 6 shows the distribution of the MRE as a function of log(R), B:, cos(6), and In(D,).

Such a figure can be used to help identify any non-uniformity in the model performance
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as may occur if the quality of data (e.g., coverage, noise, etc.) varies significantly. In the
present case the data are more sparse at large values of B, and dynamic pressure, but the

error shows a fairly uniform distribution.

3.2.3 Effect of Noise in the Data

We now generate a data set based on Eq. (11) with sigma of 0.1. It is easy to show that
this puts a theoretical limit of ~0.1 in the accuracy in log(R) that can be obtained. Using

MineTool, the modeling steps are the same as for the noiseless case.

The benchmark model is similar in form to that for the noiseless case Eq. (15) but with

different coefficients:

log(R) = ~0.0611228 cos(6;) — 0.0804243In(D ) +0.024B_, +0.9884392  (17)

The best candidate model now consists of only 12 (including the constant) terms as
compared to 43 terms for the noiseless case. This is because the presence of noise puts a
theoretical limit on the level of accuracy that can be achieved, thereby limiting the
number of terms required. This testifies to the power of our algorithm which only keeps
the minimum number of terms required to achieve the desired accuracy and hence

avoiding overfit.

The neural net model (not shown) consists of 8 terms plus 6 hidden layer terms that

involve ridgelets, radial basis functions and logistic functions. Table 5 compares the
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relative performance of the three models in MineTool. As is clear from this table, the

accuracy of predictions is very close to the theoretical value in all models.

4.0 Summary and Conclusion

Data mining techniques provide powerful analysis and modeling tools and have been
used in a wide variety of fields. However, their adoption in physical sciences in general
and in space physics in particular, has been slow. A major obstacle is the steep learning
curve of some of the techniques and/or the requirement to have a working knowledge of
statistics. Another factor is the existence of a plethora of data mining approaches and it is
often a daunting task for a scientist to determine the appropriate technique. Here we
presented a technique called MineTool which automates the model building and model
evaluation and aids some aspects of the data preparation phase. As we have seen, the
underlying technique is quite complex. However, the user is shielded from this
complexity through high-level interfaces which hide the data mining concepts away from
the users thus helping to bridge the conceptual gap usually associated with data mining.
MineTool incorporates the various stages of modeling into a four-step methodology
consisting of 1) data segmentation and sampling, ii) variable pre-selection and transform
generation, iii) predictive model estimation and validation, and iv) final model testing. In
standard approach to data mining, the user has the task of deciding on proper
strategies/techniques for each of these steps and for meshing them together. This is a
daunting task even for an experienced user. Another advantage of MineTool is that the
final model is always in a closed analytical form. This facilitates easier dissemination of

the model as well as exploration of the effects of various terms. We emphasize that the
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automation of algorithms does not remove the need for human direction of data mining.
Rather data mining techniques should be considered as a powerful tool incorporated into

human process of problem solving.

What do these techniques offer?

The computer aided algorithmic approach to data analysis as facilitated through data
mining techniques are essential for analysis of large data sets and enable discovery of
hidden information and patterns in the data. The test problem considered here illustrates
only one type of application of data mining techniques, namely a point forecast or
prediction of a target variable Y given a vector of predictors X, where X is known or
observed prior to the realization of Y. Examples of this type of application include
models for various boundaries (magnetopause, bow shock, plasma sheet, etc.). Other
obvious application of data mining methods discussed here is automated search and
identification of events such as shocks, flux ropes, magnetopause crossings, sunspots,
coronal mass ejections, among others. Yet another application is discovery of cause and

effects and assessment of relative importance of variables in affecting an outcome.

What next?

The goal of this paper was to lay the foundation of the new technique MineTool.
However, convincing proof of the viability of such techniques can only be achieved
through their application to various problems using spacecraft data. This is beyond the
scope of this paper. We have, however, started on several such applications including

modeling of magnetopause, automated detection of flux ropes in the magnetotail and at
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the magnetopause and understanding their trigger mechanisms. We will report on the
results elsewhere. Through our work, we hope to make the application of machine

learning techniques to space physics a commonplace in the very near future.
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741  Figure Captions

742

743  Figure 1. The High-Level MineTool Illustration

744

745  Figure 2. The Architecture of the MineTool Model including both linear and nonlinear

746  (ANN-like) transformations.

747

748  Figure 3. The MineTool Algorithm.
749
750  Figure 4. Non-Linear Input Variable Transformations Creation.

751

752  Figure 5. Plot of actual versus predicted values for a benchmark model based on linear
753  regression and two MineTool’s models.

754

755  Figure 6: Plots of relative error as a function of log(R) and three input variables for each
756  of the three MineTool models.

757
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758 Tables

759
Table 1: The training dataset consists of input variables X; and the output
variable Y. Each row represents a sample of the input and output values.
X X, X Xk Y
X11 X12 X1j X1K Yi
X721 X2 X2j X2K Y2
Xil X2 Xij XiK \
XN1 XN2 XNj XNK YN
760
761

39



762

763

764

Table 2:
Input Set Elements of the Selection Factor: Assigned Weight
Input Set: s= 1/s=
{a},{b},{c} 1 1 0.5455
{a,b},{b,c}.{ac} 2 72 0.2727
{a,b,c} 3 1/3 0.1818
Sum 11/6 1.0000
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Table 3: MineTool’s 10 leading terms of the Best Linear Model

Variable

In,(Dp)
cos, (6)
cos,(9)In2(D))
[In,(Dp)P

cos, (0)B,,
cos(O)[Iny(Dp)’

B

A

COSS (9) 1ns (Dp )st
cos,2(0)

cos, (9)[In, (D) Bz,

41

Correlation

with log(R)

0.757

0.68

0.578

0.564

0.531

0.463

0.218

0.166

0.155

0.155

Coefficient

-9.15¢-2

7.59¢-3

-5.67¢-2

1.2¢-3

-1.73e-3

-7.58¢-3

3.75e-2

-2.32e-4

-2.3e-3

3.77e-4
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Table 4: Performance comparison of the three MineTool models on

the hold-out data

Performance Benchmark Linear Model ANN Model

Measure Model
RMSE 2.663E-02 8.56E-04 3.42E-4
MAE 2.064E-02 5.89E-04 2.52E-4
MRE -9.3E-04 1.58E-05 -1.17E-5

42



771

772

773

774

Table 5: Performance comparison of the three models in MineTool.

Performance Benchmark Linear Model ANN Model

Measure Model
RMSE 9.59E-02 9.66E-02 9.64E-2
MAE 7.68E-02 7.73E-02 7.7E-2
MRE 1.12E-02 -1.1E-02 -1.0E-2
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