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ABSTRACT

Data sets with irrelevant and redundant features large fraction of missing
values are common in the real life application.rbeay such data usually requires some
preprocess such as selecting informative featundsiraputing missing values based on
observed data. These processes can provide mareagec@and more efficient prediction
as well as better understanding of the data digtah. In my dissertation | will describe
my work in both of these aspects and also my falgwip work on feature selection in
incomplete dataset without imputing missing valueghe last part of my dissertation, |
will present my current work on more challenginyiation where high-dimensional data
is time-involving.

The first two parts of my dissertation consist oy mmethods that focus on
handling such data in a straightforward way: impgitmissing values first, and then
applying traditional feature selection method tleskeinformative features. We proposed
two novel methods, one for imputing missing valaesl the other one for selecting
informative features. We proposed a new methodithptites the missing attributes by
exploiting temporal correlation of attributes, @ations among multiple attributes
collected at the same time and space, and spatedlations among attributes from
multiple sources. The proposed feature selectiothadeaims to find a minimum subset
of the most informative variables for classificati@gression by efficiently
approximating the Markov Blanket which is a setvafiables that can shield a certain
variable from the target.

| present, in the third part, how to perform featgelection in incomplete high-
dimensional data without imputation, since impaatmethods only work well when
data is missing completely at random, when fractbmissing values is small, or when

there is prior knowledge about the data distributid/e define the objective function of
v



the uncertainty margin-based feature selection atetto maximize each instance’s

uncertainty margin in its own relevant subspacagtimization, we take into account the

uncertainty of each instance due to the missingiesal The experimental results on
synthetic and 6 benchmark data sets with few ngssadues (less than 25%) provide

evidence that our method can select the same dedegdures as the alternative methods
which apply an imputation method first. However, enhthere is a large fraction of

missing values (more than 25%) in data, our feasetection method outperforms the

alternatives, which impute missing values first.

In the fourth part, | introduce my method handlimgpre challenging situation
where the high-dimensional data varies in time.stixg way to handle such data is to
flatten temporal data into single static data matind then applying traditional feature
selection method. In order to keep the dynamidbentime series data, our method avoid
flattening the data in advance. We propose a waynéasure the distance between
multivariate temporal data from two instances. Base this distance, we define the new
objective function based on the temporal margireath data instance. A fixed-point
gradient descent method is proposed to solve theulated objective function to learn
the optimal feature weights. The experimental tssoh real temporal microarray data
provide evidence that the proposed method canifgenbre informative features than

the alternatives that flatten the temporal datadwance.
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CHAPTER 1

FEATURE SELECTION

Selecting appropriate features is an important stefhe data mining process
whose objectives include providing more accurate mwore efficient prediction as well
as better understanding of data distribution. Feaselection approaches can be broadly
categorized into a wrapper model [2,1,3] and &ffilnodel [5,4]. The wrapper model
combines the learning method and feature selectiethod, which is computationally
expensive and is often impractical for datasets witarge number of features. The filter
model separates the feature selection from learpingess such that the results of the
feature selection step are independent of the ilegm@igorithm and are used for model
learning in a follow up step.

The proposed feature selection method aims todindnimum subset of the most
informative variables for classification/regressidny efficiently approximating the
Markov Blanket which is a set of variables that cheld a certain variable from the
target. Instead of relying on the conditional inelegence test or network structure
learning, the new method uses Hilbert-Schmidt leaej@nce criterion as a measure of
dependence among variables in a kernel-induced espatis allows effective
approximation of the Markov Blanket that consistsnultiple dependent features rather

than being limited to a single feature. In addititilee new method can remove both
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irrelevant and redundant features at the same tifhes method for discovering the
Markov Blanket is applicable to both discrete andtmuous variables, whereas previous
methods cannot be used directly for continuousufeatand therefore are not applicable
to regression problems. Experimental evaluations symthetic and benchmark
classification and regression datasets provideeewe that the new feature selection
method can remove useless variables in low andigh dimensional problems more

accurately than existing Markov Blanket based a#tves.

1.1 Introduction of Feature Selection

Existing test-based Markov Blanket feature selectieethods [8,9] are all using a
'‘Growing - Shrinking' (GS) [7] approach for discawg the Markov Blanket. In the
growing phase of this approach, all features betapdo the Markov Blanket and
possibly some false features enter the Markov Biarikhen, in the shrinking phase, all
features in the current Markov Blanket are chechgdin to remove the false features
introduced at the growing phase. In both phasegjitonal independence testing is used
to judge if a feature belongs to the Markov Blan&etot. However, such conditional
independence test-based method requires that tmgleskas a large number of instances
to ensure the reliability of the independence t&abther limitation of test-based feature
selection algorithms is that they are usually tggrassive in removing features [10].

In a structure learning-based method, a heurisdgeBian network structure
learning is performed and then the Markov Blanketliscovered corresponding to the
learned structure [10]. In such an approach, toicesearch space, two heuristics (called

'sparse candidate' and 'screen-based’) are profmysszlecting the promising candidates.



However, the Bayesian network structure is learnsohg heuristic methods as the
optimization here is a very hard problem. Theseriets combine locally optimal
structures, which results in the learned structha is not a global optimal solution. An
additional limitation of such approaches is thariéeng network structure could be
computationally prohibitively expensive in the prse of a larger number of features.

In an approximate Markov Blanket method called FCBE redundant features
were eliminated in a potentially relevant subsetamed by excluding the irrelevant
features based on the correlation to the targeaar[11]. In this approach, symmetrical
uncertainty is used to measure the relation betweegrables. For a pair of features,
FCBF measures their symmetrical uncertainty and #f® symmetrical uncertainty
between either of them and target variable. If t@asured value between these two
variables is bigger than the measured value betwaerof them and the target variable,
the variable with larger symmetrical uncertaintythe target is regarded as the Markov
Blanket of the other variable which is removed. FC&sumes the Markov Blanket of a
feature has only one feature, since it is basegammvise comparison. Such an approach
is often too restrictive in practical situations itigstrated in the results section of this
article. In addition we found that FCBF is too agggive in eliminating features, since it

gives too much priority to dominant features.

1.2. Identification of Markov Blanket Candidates

Let F be the whole set of features. The Markov B&mMB; of feature F(MB; c

F (F ¢ MB;) ) is the set of features with a property thasfonditionally independent of



the remaining features U and the target C. Morenédlly, set MB is called the Markov

Blanket of Fiff:

P(U,C|F;, MB;) = P(U,C|M B;)
where : U = F — {F;} — M B;

If MB; is the Markov Blanket of jFthen the prediction model learned without
considering Fis as accurate as the model learned using alifesaf. It is often difficult
to find the exact Markov Blanket for a given featufo address this problem we propose
a novel method of finding an approximate Markov riglet for F. We then use this
method to develop a feature selection algorithmetasn the discovered approximate
Markov Blanket.

Given a set of features we can easily check i§ ithe Markov Blanket MBof
feature £ However, evaluating all subsets of F for thispemy is prohibitively costly.
Instead of searching for the exact Markov Blanket & feature, in practice it is
appropriate to determine an approximate Markov Btanhat can be used for removing
this feature with little useful information lostituitively, if MB; is the Markov Blanket
for feature F; the features in MBare more dependent tg than those features which are
not in MB [12]. Therefore, we can choose a subsek d¢atures which are strongly
dependent to jFas the candidate Markov Blanket qf Fhen, for each feature, we only
need to evaluate its candidate Markov Blanket rathan all possible subsets in the
remaining features to see if such a candidate MaBlanket is sufficiently accurate to
be regarded as the Markov Blanket.

The problem with this reasoning is how to find @#ntly the Markov Blanket

candidate for each feature. The naive method [6inid the set ok features which are



most dependent to Fequires computing the dependence HSICKf = (m - 1)? tr HK;

HK; for all pairs of features;fand F (here, K and K are the kernel matrices of feature
F and F respectively). This is clearly computationally texpensive for applications in
high dimensional datasets. Instead, forwe will compute an approximate Markov

Blanket candidate MBvhose each featurgyk satisfies:

Fyp, = arg max HSIC(KFg, K;),
'B

\Vll("l'l_‘ : F” c B; = ‘ii}[B; s {F.-"l-’”,}'

Here, B is a set of features which are more dependemietteirget variable C than
F, and Kz and K are kernel matrices of featurg &d Frespectively.

Observe that we tend to find the approximate MarBdanket for F in the
features which are more dependent with the targetble C than [Fis. To find the
Markov Blanket Candidate for,fwe measure dependence of each feature in Fgett@r
and, for each featureg,fEonsider only a subset 8f features that are more dependent to C
than Fis. Here, dependence of featuretd=C is measured as HSIG(E) = (m - 1¥ tr
HK; HL;, where K and L are the kernel matrices of featureaRd target variable C. We
approximate the Markov Blanket Candidate pa§& the set ok features from set;Bhat
are most dependent tq. FFor the features whose corresponding sethd® less thak
features, we choose all features jraB the Markov Blanket candidate of F

We emphasize that quality of the Markov Blanket didate obtained by the
proposed method depends on choic& which should not be too large or too small (too
large k could include features that are irrelevant while wmnallk could result in an

incomplete Markov Blanket). However, our experingemeported in results section



provide evidence that this is not a serious linotatin practice since the proposed

method was quite robust over a large range of elsaatk.

1.3. Screening Markov Blanket Candidates

Let MB; be the Markov Blanket candidate of feature fBund as explain in
section 1.2. We say that MBasses the dependence-based screening test regarded
as an actual approximation of the Markov Blankeitisatisfies the following two

conditions:

1.HSIC(MB;,C) > HSIC(MB; U F;, C)
2.HSIC(MB;,C) > HSIC(F;,C),and
HSIC(MB;, F;) > HSIC(F;,C)
where C is the target variable and HSIC(X, Y) idirdd as the dependence

measure between two variable sets X and Y. We rentbe feature whose Markov
Blanket candidate passes this screening test. mtrasi to a previous work [15], we
remove both irrelevant and redundant featureseas@ime time rather than separating into
two steps. This is appropriate since an independestévant feature Ralways satisfies
the first test condition while a dependent irrelevg will satisfy the second condition as
in such a case; ks irrelevant to C resulting in HSIG(FC) smaller than HSIC(MBF).
Similar, condition 2 ensures that the redundanttufea is removed, since the
corresponding MBof such FFcan subsume the information this feature have tatheu
target variable. HSIC(MBF ) > HSIC(F, C) implies Fis more dependent to MBhan
to C; HSIC(MB ,C) > HSIC(F ,C) means MBis more dependent to C than d&nd

ensures MBhas more deterministic information to the targaiable C than Fdoes.



1.4. Feature Selection Algorithm

The optimal feature selection using the Markov B&tns based on removing a
feature for which we can find the Markov Blankettie remaining features. Instead, in
our computationally efficient method, we remove fieature for which we find an
approximate Markov Blanket. According to the appmete Markov Blanket
construction described in Section 1.3, we propdee following independence-based
feature selection algorithm that will be called b¢itt-Schmidt Markov Blanket method
(HSMB).

For each Fin the whole feature set F, this algorithm compH&IC(F ,C) which
is the dependence betweeraRd target variable C and then sorts featuresanist S in
descending order based on the measured dependEBmee, for each feature;,Fthe
algorithm constructs set Bonsisting of the features which are located lgeFpmn the list
S. Then, HSMB finds the Markov Blanket candidate MBf F which is exactly thé
features in the set;Bhat are most dependent to F MB.,, passes the screen test, it is
regarded as the Markov Blanket of featureTherefore, the algorithm will remove such
feature Ffrom the sorted list S. In this way in a singlesgahrough the list of features,
HSMB removes all features for which the algorithmd§é the approximate Markov
Blanket in the remaining set of features. No miation is needed in HSMB
algorithm.

The main cost of HSMB algorithm is in computing KESvalues which has
complexity of O(M) in terms of the number of instances M. This itdsethan the cost
of other kernel-based methods which usually havd {p¢complexity. Cost of HSMB in

terms of the number of features N is smaller. Hevefor each feature we have to find



the candidate Markov Blanket in which there lafeatures. This requires searching kor
most dependent features in the se(f@atures before;kn the list S) to find the Markov
Blanket Candidate. Hence, to select the optimassighMB, the algorithm takes O(p*N)
steps, where p is the number of features beforertain feature Fn the list S. In the
worst case, p becomes N, and then the cost oflgjeeitam is O(N). However, p is a
small constant when enough features are removettingsin O(N) best case complexity.
This best case scenario corresponds to many higlerdiional datasets where we are

likely to remove most features.

1.5. Conclusion and Preliminary Results

The results of 12 benchmark classification probl@mssummarized in Table 1.1
and Table 1.2. Each result listed in these twoeths an average of 5 repeated
experiments. Table 1 shows the predictive accuratiere, the leave one out method is
applied to the datasets with less than 300 inst&anoeorder to get stable results of SVM
predictors. Other results reported in these tablesobtained by average results of 5
repeated experiments. The obtained results (Tapl@rdvide evidence that HSMB
outperforms alternative methods in accuracy oveardety of benchmark datasets. On
Lung-Cancer, Arcene, Promoters and wpbc evaluatithhs GS algorithm was less
accurate as these datasets have a fairly small ewumb instances which makes a
conditional dependence test unreliable.

The number of features selected by each featueetsm method is reported in
Table 1.2. All methods reduced the number of femtgignificantly. However, the GS

and FCBF algorithms were too aggressive in redut@agures. In GS, this problem is



due to unreliability of the conditional dependenest for a small sample. The reason
FCBF tends to remove too many features is thavé&sgtoo much priority to features that
are highly correlated with the target.

Table 1.1. Classification accuracy on benchmarksis

Datasets All (R FCEEF BAHSIC HSMB
BC-Wisconsin 968 96.8 05.6 96.8 96,8
Hepatitis 826 230 26.9 78.3 59.8
German 1040 100 100 100 100
Wibc 067 97.0 06.2 05.0 97.3
wpbc BO0 720 75.0 T78.0 813
Lung-Cancer 679 620 650 70.4 70.4
COIL2000 037 940 94.4 00.2 94.4
High Dimensional  Data

Musk? 86.0 B350 80.2 50.1 914
Promoters 864 885 07.6 04,7 Us.6
Madelon 560 633 61.5 62.0 70.1
Isolet 75.1 T84 T8.5 78.0 51.3
Arcene 504 602 62.4 64,2 70.6

Table 1.2. Number of selected features

Datasets GS FCBF HSMB
BC-wisconsin ] 8 ]
Hepatitis 4 3 10
German 20 21 22
Widbc 6 3 15
wpbc 3 2 6
Lung-Cancer 3 5 3
COIL2000 5 6 8
High Dimensional  Data

Musk?2 4 2 6
Promoters 15 13 17
Madelon 4 2 38
Isolet 4 4 10

—
I_"J

Arcene 15 113
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Our results show that the proposed algorithm wavkH on both low and high
dimensional data sets. In the high dimensional detavith a large number of irrelevant
features, HSMB was effective in selecting the daninfeatures from which accurate
predictors were built. In contrast, BAHSIC had highror in high dimensional
evaluations.

Six benchmark datasets were used for the evaluatidhe new algorithm for
regression problems. Available benchmark datasetsefjression were low dimensional.
Therefore, for high dimensional evaluation we hakeated three datasets based on the
Housing benchmark dataset. Housing-100 includesotiggnal 13 features of Housing
dataset with 48 additional redundant features dghdrg&levant features. Among the 48
redundant features, for each feature in the optsaakelected by HSMB from Housing,
there are 8 relevant features which match the seldeature 9/16, 10/16, ... , 16/16 of
time. Housing-500 includes the features used in si@4100 and additional 400
irrelevant features. Similar, Housing-1000 inclu@disfeatures of Housing-100 and 900
additional irrelevant features.

Table 1.3. Regression accuracy (R-square) on besréhdata

Data Set All Features BAHSIC HSMB

Name # instances R-square  # Features R-square R-square  Selected Features
Cpu-performance 209 0.575 6 0.575 0.575 5
Auto-mpg 392 0.745 7 0.70 0.742 3
Concrete 1030 0.880 8 0.79 0.86 5
Housing 506 0.634 13 0.534 0.613 6
Aerosol 2000 0.756 14 0.61 0.714 6
Auto-mobile 159 0.492 18 0.391 0.398 3
High Dimensional Data

Wpbc 194 0.989 33 0.982 0.997 11
Housing-100 506 0.601 113 0.520 0.610 9
Housing-300 506 0.453 513 0.531 0.593 23
Housing-1000 506 0.364 1013 0.482 0.574 82
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For each regression benchmark dataset, we perfotineeeixperiments following
the same procedure as that used in classificaur. method is compared only to
BAHSIC as other two methods are specific for classtion. Again, in BAHSIC the
same number of features is used as returned bynethrod. The R-square accuracies of
an SVM on the subsets selected by each of tworeaelection methods on benchmark
datasets are reported in Table 1.3. The obtainedlitsewere consistent results with
classification results. In general, HSMB outperfednBAHSIC in these regression
problems. In low dimensional experiments, the ptediusing full features was the most
accurate since there were almost no irrelevanufeatin these benchmark datasets.
However, in high dimensional experiments with manglevant features (Housing-100,
Housing-500 and Housing-1000), the dominant featsedected by the proposed method

were a much better choice.



CHAPTER 2

IMPUTING MISSING VALUES

Prediction models for multivariate spatio-tempdiahctions in geosciences are
typically developed using supervised learning frattnibutes collected by remote sensing
instruments collocated with the outcome variablevigled at sparsely located sites. In
such collocated data there are often large tempgaiad due to missing attribute values at
sites where outcome labels are available. Our tbgds to develop more accurate
spatio-temporal predictors by using enlarged calied data obtained by imputing
missing attributes at time and locations where @ut labels are available. The proposed
method for large gaps estimation in space and (oalked LarGEST) exploits temporal
correlation of attributes, correlations among npldtiattributes collected at the same time
and space, and spatial correlations among attskften multiple sites.

LarGEST outperformed alternative methods in imputip to 80% of randomly
missing observations at a synthetic spatio-tempsigiial and at a model of fluoride
content in a water distribution system. LarGEST wk® applied for imputing 80% of
nonrandom missing values in data from one of thestnuhallenging Earth science
problems related to aerosol properties. Using srdhrged data a predictor of aerosol
optical depth is developed that was much more ateuthan predictors based on
alternative imputation methods when tested rigdyoager entire continental US in year

2005.
12
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2.1. Introduction of Imputation Method

Many of the existing spatio-temporal data analysethods assume that data is
complete or almost complete. This assumption idated in many spatio-temporal
applications.

For estimation of missing values in multiple timeriess, a dynamic Bayesian
model called DynaMMo was recently developed to #iameously exploit temporal
smoothness of each series and their correlatiod$ [Rlthough very effective for
estimating missing values in coevolving time seriegnaMMo is less applicable to
remote sensing where data is collected at mulspigtially correlated locations where
multiple correlated time series are observed ah éacation and individual series have
temporal continuity.

For imputing incomplete spatial data, one of thesmsuccessful practical
methods is to use multivariate interpolation by emal orthogonal functions [18]. In
this singular value decomposition (SVD) based daautation approach that we will
simply call EOF, missing values are initially rep#d by an unbiased guess and the
missing values were interpolated incrementally bing truncated orthogonal functions
of SVD decomposition for reconstruction and repeathe process while increasing the
number of component functions. A limitation of E@Bsed data imputation is that it
exploits only spatial correlations in data whichaiproblem when long continuous gaps
are present in spatio-temporal data. An applicabioBOF to a transposed matrix that we
will call T-EOF is proposed as a practical way tiiess such larger gaps in data [23].

The same technique of using a transposed datadb aalifferent aspect of correlations
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in data (spatial instead of temporal) can also ygi@d to linear interpolation and to
DynaMMo imputations. Such versions we will call Taear and T-DynaMMo methods.
Previous work [25] in developing data-driven AODtrieval methods using
spatio-temporally collocated satellite and grouaddal observations (as shown at Figure
1) was simply removing the missing observationse Tifipothesis explored in this study
is that the accuracy of previously developed AODedmtors can be improved
significantly by estimating the missing attributeasd then train predictors on the data set

consisting of both observed and imputed attributes.

2.2. Modeling correlations in a single sequence

Given a multivariate spatio-temporal data (a mdittensional sequence and
bunch of neighboring multi-dimensional sequenc®re are three types of correlations:
temporal correlation of each dimension, correlaioamong multiple dimensions
collected at the same time and space, and spati@lations from neighboring sites. Our
goal is to exploit all three kinds of correlatiolmsestimate the missing values, and then
build an accurate model on such enlarged dataimiplited values.

Assume that an m-dimensional sequence X 7 Xx%...,Xn} Of length N is given,
where vector x observed at the nth time tick of sequence (n =,l) is a m-
dimensional multivariate Gaussian. For each m-dsimral observation of vector, xve
introduce a Gaussian latent variableszich that there is a linear dependence with a

=Cz, +v,

Gaussian noise between eaghard z defined as”n , where C is the parameter

matrix and ¥~ NV 10.E) is the Gaussian noise with mean of zero and vegiaf X .
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We also define a linear dependence with Gauss#se rbetween two adjacent
latent variables zz and z corresponding to two successive observatign and X as
Z,=AZ1+ Wy \where A is the parameter ati™NWI0T) js the Gaussian noise with
mean of zero and variance df.

Therefore, the emission and transition distributtan be written as:

p(x, 1z,)= N(x, |Cz, ,X) (1)

Pz, 12,1)=N(z, | Az,,.T") ()

The initial latent variable;zalso has a Gaussian distribution which can beemrit
as

p(zl) = N(Zl |”0'V0) (3)

where #is the initial state of z1 and°is the variance.

Let ®={ATLCLn,. Vel he the parameters of the model. Therefore, thet join

probability given 9 is

p(X,Z |0): p(zl |”o'vo)'

[Irt, b AT[]PX, 2, C%
4)

Our model is different to the traditional Kalmantéii -based model, since we
allow missing values to exist in the observatiorWe define a Missing Index Matrix
to indicate the missing values. Each entryla$ defined as

{O wherX ,  is missin
P11 otherwise
5)

For learning the model, we define the expectatibnthe complete-data log

likelihood as
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Q(0.0,,) = Ezwmd i [In p(X,Z[0,1)]

(6)
First, we initialize each missing valug,in data sequence (Whérezo) using

simple linear interpolation from the values whére”© at the same time. Then, we

apply the EM algorithm to maximize the equation @Yy extending the equation (6) by
substituting}o(x’Z 10) using the corresponding part from equation (4) @€3), we get

1 1 _
Q(0,0,,)= 5 In[V,] = [5(21 o) Vo (21— 1y)]
N-1 13 _
—?m IT [-Ezp,, [EZ @, -Az,,) T (z,-Az,,)]
n2

N
—% In|Z|-Eyy, [—;z (X, —Cx, ) T (x, —Cx, )]+ const
n=1

(7)
whereconstis the term which is not dependent on any pampashmeter® .We
take the derivatives of equation (7) with respeatdch part of parametdr and then set
them to zero. We get the parameters updates asvioll
B, = E[z)] (8)
V,®*"=Elz,z,1-Hz] § z,] (9)

A= (S BTz, 2, D (Y H 2,2 (10)

1 N
rnew:mZ{E[znzn'l] _AnevE Zn-lznj'
—4n=2

_ E[BT ]Bnew+ BneV\E[Zn_lzn_lT](A ney } (11)

™= (U xElz, DX 2,2 D

(12)
2= L3 {xx, CoE 2] X,
-X, E [ZnT ]Cnew+ Cnev\E[Zn z, T]( C ne»j } (13)

At the end of each M step, we update the missithgev¥,, (when oq :O) using
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E[X,412.,0,11=C™" - EZ,,,] (when |, =0) (14)
Calculating the updated parameters requires therente in E step of the

marginal distribution PZ1X.8) for hidden latent variables given the data. THerance
is similarly to the one in Kalman Filter-based mipgance the missing values are updated
at the end of each M step. We apply forward-baclwaessage passing to calculate the
expectation of posterior distribution of latent imbles. The details of inference in the
Kalman Filter-based model are omitted for lackpdice (for more details see [19]).

Then, we use the updated X to recalculate the remanpeters in the next EM
iteration. We repeat this procedure until convecgeMhe estimation for missing values

can be automatically obtained once the model imézh

2.3. Modeling spatial correlations from neighbors

In this section, we describe how to explore spataielations among neighboring
sites. We build a probabilistic model among muliizee sequence X and its neighboring
observations to estimate the missing values in ditmmned on the observed values in
neighboring sites.

Given a multivariate sequence X, let+ {li1, li2,...,Iin} (i = 1,...m) be the ith
dimension of X, whereyl (n = 1,...,N) is a single value of the observationthe '

dimension at the "h time step. Assuming that X has observations ateiyhboring

neighboring locations. Our objective is to imputee tmissing value in each; lby

k}

- . . M=
exploiting the spatial correlation among and b 1= . In order to learn such
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. . . . . G g M M ()
spatial correlation, for each dimensionaf X and correspondlndﬂ' =t

0% ={0, 00,...

form X's neighbors, we define 0"} as the union of L and

My i= (1) — @ @ (k) .
L=k} \where® =l 2l 1™ (n = 1,..,N) are the values of the"i
dimension of X and its neighboring locations at tifetime step. For each observation

%" we define a Gaussian latent variable™ NOW) (n = 1,...N). Each pair of nodes

{Yn, 0," } represents a linear-Gaussian latent variable mdde the particular
multivariate observation. However, the latent Valea {y,} are treated as independent to
each other. Hence, the emission distribution is

p©," 1y,)=N(@," |D-y, ¢) (15)

Then, we can build a probabilistic graphical mofiel each dimension of X to

. . . . . M=
exploit the spatial correlation between eaglamhd its COI‘I'eSpOI’]dII'{bi "l =L K}rom

neighboring locations. Let =W D.# pe the parameters of the model. Then, the joint

distribution can be written as:

oY 17)=TT pta) T PO Iy v)
o0 "

Therefore, maximizing the complete data log likebd is equivalent to
maximizing:
N N @ 3 N N l —_—
In(H p(yn)H p(o, Iyn,v))f—zlnlw I—Zfzyn woy,

N L g
—Elnlaf I—nZ:;E@n“—D-an ©"-Dy,) (17)
We take the derivatives of equation (17) with respeV , D and’ respectively,

and set them to zero. The updated parameters anputed as
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w3 E(y, lo,EY, Io,")

(18)
D" = . OnG)E(ynT |Onﬂ)).(N E(yn |q14))E(ynT |Q1“)))1
> 2, (19)
1y
¢neW: el (0"(\) _ D"ew. E(yn | On(l))_ (qq _ Dnew. E(yn | qq()))T
N Zl (20)

In order to get the optimal parameters which mazxénequation (17) in the

presence of missing observations, for each dimansicX we maintain another Missing

| ®

G =0._ _ 0 L
Index Matrix |”where | » = Yindicates a missing value df ». We initialize the each

(M)
missing value using linear interpolation from valushere' 7 Cin the neighboring
observations. Then, we calculate new parameteng esjuation (18)-(20) and use them
to estimate the missing values as

E[O e [ Y,7:1V1=D"" - EIY 4 0] (whert ¥, =0) (21)

After imputing the missing values using eq. (21 use the new data to estimate
new parameters in the next iteration. By repeadiimg process of estimating parameters

and missing values until converging, we can gebjptanal parameters of the model and

M
the final estimation of missing values. After updgtthe missing values i = for

each dimension of X, we can get the estimated X.

2.4. Learning Algorithm

In order to estimate the missing values by exptpah three types of correlation,
we propose the LarGEST algorithm which simultangolearns two models described in

Sections 2.2 and 2.3.
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First, we initialize all model parameters and &ll the missing values by linear
interpolation from the values of spatial neighbofhen, we apply an Extended
Expectation Maximization algorithm which works afdéws.

In the E-step, we estimate the posterior distrdoutP(Z X.9)of Model 1 which
will be used when we maximize the expectation @ likelihood in M-step (using
equations (8) -- (13)). After getting the updatedlgmeters of Model 1, we can estimate
the missing values using Model 1. The data wittaied missing values from Model 1
is used to estimate the parameters of Model 2. Were-estimate the missing values
after learning the parameters of Model 2. The wgdlatata with updated missing values
estimated by Model 2 will be the input data of Epsbf next iteration to calculate the
posterior distribution of Model 1. We repeat thisogedure of training two models
interactively until convergence.

Our combining algorithm has a wide generality. Baky, we can replace Model
1 and Mode2 with any kind of appropriate trainingthods which can estimate missing
values. This can help greatly if changing the psgabmodels to some more appropriate
models when some domain knowledge is known abeud#ta.

After imputing the missing values in multivariateasio-temporal data, we then
build a predictor on enlarged collocated spatiogeral data. In the next section we
compare results of predictors trained on enlargadsgt generated by LarGEST and by

alternative methods.
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2.5. Conclusion and Preliminary Results

The synthetic two dimensional temporal data (X, f¥) a certain location is

generated aSX =sin(t)*5 and Y =sin(t+xz /2)*5

. At four neighboring locations two
dimensional data is generated by shifting the fais¢ data by 0.5 0.3, -0.3and -0.5
respectively.

The mean square error (MSE) of imputation by LarGEBS8d six alternatives was
compared when 5% to 90% of data were missing rahd¢see Figure 2.1). In data
imputation experiments with small fraction (lesarth25%) of missing values inserted
completely at random, LarGEST and all alternativethads estimated missing values
fairly well. However, LarGEST was clearly the besbice as Linear interpolation had
problems when the missing values were located theatrop or the bottom of the signal,

while EOF had problems where four neighbors weresmg and DynaMMo had some

errors at high curvature sections.
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11

—#— DynaMMo
10§ —e— T-DynaMMo
—H=— LarGEST
—&— EOF

gl —<— Linear
T-EOF

71 —+— T-Linear

Mean Square Error

Ol G—p—N—f—e T ‘ ‘ ‘ ‘ ‘
0% 5% 15% 25% 35% 45% 55% 65% 75% 85% 95%
Fraction of Missing Values

Figure 2.1: Mean predictor errors

When large fraction of data was missing LarGESTIatgd well all three kinds
of correlations in data simultaneously while altgive imputation methods resulted in
much larger error. When extremely large fractiob%Band 90%) of data was missing, all
methods performed badly. For a large fraction adsimg values accuracy was improved
when the number of neighbors was increased. Resitlisa larger number of neighbors
are omitted on synthetic data for lack of space,this effect will be shown in Section
4.3 on real life remote sensing Aerosol data.

Another experiment is conducted on ground basedsbtdata. Radiances from
the MODIS instrument (19 attributes) over the entaontinental US in year 2005
obtained at 4km*4km grid following a procedure franprevious study [22] were spatio-

temporally integrated with ground-based AOD dat8 R AERONET sites [20] based at

the nearest 4km*4km region and withifF30 minutes of satellite passing the

corresponding AERONET site. Data containing botlritattes and AOD values
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consisted of 805 examples. AOD values observed fgooond at 33 AERONET sites
were also available at an additional 3,307 evdnisjn these cases all 19 sattelite-based
attributes were missing. Missing attributes at ¢h@8% cases were imputed by LarGEST
relaying on spatial correlations with satellite ebhstions at up to 80 neighbors at
4kmx4km grid as well as on temporal correlationsoagi330 daily observations. Six
alternative methods used in Section 4.1 were atgibied for attributes imputation at

3,307 events.

0.75

LarGEST8

LarGEST48
0.7+ T-DynaMMo

0.65F

0.6

R-square

0.55

0.5+

Figure 2.2. R-square accuracy on AOD data of U5 with imputed data

A feed-forward neural network model with a singidden layer of 10 nodes was
trained on enlarged data consisting of examples wattual and those with imputed
attributes. This choice was based on the best goedi from previous studies [25].
Experiments were performed by partitioning 805 epl@® from 33 sites where both

attributes and AOD values are available in 33 ths$jsubsets based on sites and using 32
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subsets together with 3,307 additional examplesselattributes are imputed for training
a neural network model which is tested on the ramgisite’s data. This is repeated in
33-cross validation experiments always keepingfarént site for testing. The quality of
the obtained predictors was compared using two aneadollowing a protocol practiced
by geoscience community [25]. To evaluate impactspétial neighborhood size on
imputation quality, in LarGEST imputation we coresithg nearest 8, 24, 48 and 80
neighboring observations in 4kmx4km grid shown iguFe 2.1. These methods we will
call LarGESTS8, LarGEST24, LarGEST48 and LarGEST86pectively.

The quality measure we used is R-square. When aomgpseveral predictors on
a fixed test set larger R-square scores corresfmontbre accurate predictors. The results
obtained by a predictor trained on data imputed @fGEST80, and by nine alternative
methods are shown in Figure 2.2. In addition, ve® ahow the accuracy of a predictor
obtained on 805 examples without data imputatiahwe call this model Original. The
results obtained by LarGEST80 were more accuraie #iternatives and better than any

previously reported accuracy of AOD retrieval.



CHAPTER 3

FEATURE SELECTION IN INCOMPLETE DATA

This chapter is about feature selection in incotepltata. The straightforward
method is imputing the missing value first, themplgimg traditional feature selection
method on the complete data. However, imputatiothats work a lot better when data
is missing completely at random, or when theremalkfraction of data are missing, or
when there is prior knowledge about the data @hstion. My current work is aimed to
feature selection in incomplete data without impata The method is based on only
observed data and is not including the error/masnputation methods. The preliminary
results show that our method can choose bettaurt=athan the ones based on enlarged

data by imputing missing values.

3.1. Introduction to Feature Selection in Incompled Data

Feature selection methods can be broadly categbiie filtering models [46]
and wrapper models [33]. Filtering methods sepathée feature selection from the
learning process, whereas wrapper methods comibiesn.t The main drawback of
wrapper methods is their computational inefficiency

There are three kinds of filtering methods[44] a margin-based method is

proposed as a feature-weighting algorithm thatrisw interpretation of a RELIEF-based

25



26

method [28]. The method is an online algorithm teatves a convex optimization
problem with a margin-based objective function. rkéa Blanket-based methods
perform feature selection by searching an optinetlo$ features using Markov Blanket
approximation. The method proposed at [38] remdtedeature whose Markov Blanket
can be found in the rest of features. Dependentmasn-based methods use the
Hilbert-Schmide Independence Criterion as a measidrelependence between the
features and the labels [43]. The key idea in thethod is that good features should
maximize such dependence. However, all these metasslime that the data is complete
without missing values.

Several classification methods have been pexpaoscently to handle the
missing values directly, without imputing missinglwes in advance. A method was
presented for incorporating second order uncerésrgbout the samples while keeping
the classification problem convex in the presenicenissing values [36]. A method is
presented to handle incomplete data where the mgi$satures are structurally absent for
some of the instances [26]. Instances are consicisesets of (feature value) pairs that
naturally handle the missing value case [29]. Hmvewall of these are classification
methods rather than feature selection methods heg &are not applicable to high
dimensional data with a large number of irrele@atures, since they are classifying on
whole dimensional data instead of informative loinehsional data. In contrast, our
method can handle high dimensional incomplete tgtaelecting informative features

directly, without estimating the missing valuesipre-processing stage.



27

3.2. Uncertainty Margin

Let D = {(xp, yuIn =1,..,N) € RY x +1} be the data set witN instances and
M features. For a given instangg, let |, be the index function indicating whether

features irx, are missing or not. Specificalll, is defined as

L()={2 U)ismissing 12 (
1 otherwise

We will first define the uncertainty margin for éamstancex,, and then present
the uncertainty margin-based objective functiorwadl as the algorithm for solving the
corresponding optimization problem.

Given an instance, the margin of a hypothesis & distance between the
hypothesis and the closest hypothesis that assgnslternative label. For a given
instancex,, we find two nearest neighbors fgy, one with the same class label (called
nearhit), and the other with different class label (calleghrmiss). The hypothesis-

margin of a given instanceg in data set D is defined as:

LD(xn)zé(Hxn—nearmiss(n )t H,— nearhtt( )] (2)

In margin-based feature selection, we scale théurfeaby assigning a non-
negative weight vectow, and then choose the features with large weidtasrhaximize
the margin. One idea is to then calculate the margiveighted feature space rather than
the original feature space, since the nearest hergin the original feature space can be
completely different from the one in the weightedttire space. Therefore, we define the

instance margin for each instanggrom D in a weighted feature space as:

Po (X |W) = d(x,, nearmiss(, )W )
—d x{ ,aeit(x,)|w) 3)
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where d(.) is a distance function. Although one egply any kind of distance
function, for the purpose of our study, we applg Manhattan distance. Therefore, the
above definition can be written as ppXplw) =wTip,
wherep,, = |X,, — nearmiss(X,)| — |X, — nearhit(x,)|, and |- | is the element-wise
absolute operator.

In an incomplete data set, we cannot apply a umifeeightw to each instance to
get the margin since eagh has different missing values. We need to mainaaweight
vector w, for each instance,, which is defined aw,, = woI,,, wherel, is the pre-
defined indicative index for each instangeand o is the element-wise product.

In order to take into account the uncertainty doedifferent values in each
instance, for eack,, we define a scaling coefficiesyfy = ||w,||1/||W]|1. Therefore, the
instance-based margin can be written as:

Po (X, |W,,s,)=d(x,,nearmiss, )\, S, )
—-d x( ,nearkif( W|.s,) (4)

=s,W, f,

After applying the scaling coefficiest, we decrease the instance marginxor
which has a huge number of missing values. Anothmgrortant aspect affected by
missing values is the calculation of nearest neaghlfor eachx,. Due to the missing
values, we cannot tell exactly which one is therestaneighbor fox,. Therefore, we
calculate the uncertainty of each instance being mlearest neighbor of,. The
uncertainty is evaluated by standard Gaussian kestenation with kernel width os.
Specifically, we define the uncertainty that anansex; with the same class label as

can be the nearest hit neighboxghs:
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expd &, x; w, 1,)lo)
Zexp(d (xn vxj |Wn ] n )/O- )
i

Unearhit(xi |Xn Wi i n):

wheresli <N i#%n y,=Y, (
andslj <N vy, =y,

Similarly, the uncertainty that an instangewith a different class label from,

can be the nearest miss neighbox,ok defined as:

expd &, X; w, 1,)/o)
Zexp(d (xn lXj |Wn ] n )/O-)
i

where<li <N 'y, =y, (6)
andslj <N y; =y,

Unearmisgxi |Xn Wh | n):

Please note thatl(x,,X;|Wy,I,) = [|X; — X;||w, 1, IN equations (5) and (6)
denotes the distance betweepandx; in weighted space determined kys weight
vectorw, where missing values are indicatedlyFinally, by checking the uncertainty
of each instance to be the nearest neighbot,0ive define oununcertainty margin as

the expectation of the instance margix@fwhich can be written as:

E,. (Xn 1Wpn,Sn)=S,Wq Ej
WhereEﬁn = z Unearmiss i Xn Wn ) Xn=X; | (

i,when y=y,
- Z UnearhitX( >1n Wh ')X|n_xi |
i,when y=y,
As we mentioned before, our uncertainty margin ipocates the uncertainty due
to the missing values in each instangg, @nd the uncertainty in calculating two nearest

neighbors (k). We maintain a weight vectow, for each instance, such that our

defined uncertainty margin can handle incompleta daectly.
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3.3. Optimization Based on Uncertainty Margin

We define the uncertainty margin of the entire datas the sum of instance

margins, which can be written as:

B =

T Mz

[N

E, (Xn [Wp.Sp) (8)

>

The feature weights can be learned by solving atimggation problem that

maximizes the uncertainty margin of data D. Thigtirogation problem can be

represented as:

N
max>_ E,, (Xn |Wq.Sn)  subjecttav> 0 (€
=)

W n

We followed logistic regression formulation framewoln order to avoid huge
values in weight vectow, we add a normalization conditiofw]||; < 8. Given this
condition, for each instance, with missing values, the weight vectar, satisfies

[lwnll1 < |lW]|1,Vn =1,2,..,N. Therefore, we can rewrite the optimization prable

as:

N
minZIog(1+ expeEpn &, W, S, )) subjecttov> OW ;4|6 0] 4

w  n=l

The above formulation is an optimization problenthwespect tav,. It cannot be
solved since there is a different, for each instanc&,. Using pre-definedv, , we can

rewrite the formulation with respect @ The optimization formulation (10) can also be
written as:

N
MinY._log(l+ expes,WE4 o 1y,) 11

w n=l

subjectwo> | <f
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The above formulation is called nonnegativergar We can rewrite the

formulation (11) as:

N
Miny_log(l+ expEs,WE; o1y )+ 4 v || (12)

w n=l

subjectwo> O
For each solution to (12), there is a paraméteorresponding to the obtain&d
in (12), which gives the same solution in (11). rRokation (12) is actually the
optimization problem with#; regularization. The benefits of adding the penalty
have been well studied and it showed that fhepenalty can effectively handle sparse

data and huge amounts of irrelevant features.

3.4. Learning Feature Weights Using Uncertainty Magin

In this section we will introduce our feature sél@t method which solves the
optimization problem introduced in Section 3.2. A& can see from (12), the
optimization problem is convex ifgkis fixed. Fox a fixed f, (12) is a constrained
convex optimization problem. However, it cannotdaectly solved by gradient descent
because of the nonnegative constraintswonfo handle this problem, we introduce a
mapping function:

f:w—u, wherew ( =uij Vi=12M (13)

Therefore, the formulation (12) can be rewritten as

N
MinY_1og(l+ expes,WE, o Iy} 4 [u i (14)

w n=l
By taking the derivative with respect tp we obtain the following updated rule

for u:
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N M
2 expls, > U Ey o1y (1))

n=1 j=1

ue =yt g (1= v )®u 5
1+ expes, Y. uszﬁn ol, ()
n=1 =1

wherea is learning rate an@® is the Hadamard product.
However, E, is determined by so that (14) is not a convex problem. We use a
fixed-point EM algorithm to find the optimal. The proposed algorithm for Margin-

based FeaturBelectionin Incomplete data(we call itSID) is shown in Table 3.1.

Table 3.1. SID Feature Selection Mdth

Input: data set D = {(X Yo}
Indicate index for each ¥
kernel width
regularization parameter

Output: feature weightss

Initialization: setW=1,t=1

Do

Calculate scaling coefficient’s|w.& D)/ wtY)|
Calculate £ using W and equation (7)
Updatei® using updated rule in equati¢hb)
Update ® usingu® using equation (13)
t=t+1

Until convergence

3.5. Conclusion and Preliminary Results

To characterize the proposed algorithm, we conduectee-scale experiments on
both synthetic and UCI benchmark data sets. Alleexpents of this study were
performed on a PC with 3 GB of memory. We compar@dproposed SID algorithm in
incomplete data with three traditional margin-badedture selection methods (the

method proposed in [45] that we call LBFS, Simb&][and Relief [31] based on
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applying the following three popular imputation meds [26] in a pre-processing stage
of three alternatives to estimate the missing \&lue

Mean Missing values are estimated as the average dlthee feature over
all data (training + testing sets).

KNN. Missing values are estimated as the mean valbesned fromK
nearest neighbors. The number of neighbors is didireen K=1,5,10 and the best result is
shown.

EM. A Gaussian mixture model is learned by iteratietween learning the
model with imputed data and re-imputing missingueal with the model learned in the
previous iteration. We apply the algorithm propose[27].

Results on Synthetic Data

Synthetic data experiments were designed to ewltls ability of our SID
algorithm to select relevant features in incompbidta in the presence of a large number
of irrelevant variables. For this, 500 instanced@® dimensional space were generated
where two features define aor function while the remaining 98 features werel@vant
sampled independently from a zero mean and ondatauleviation normal distribution.

For simplicity, in experiments on synthetic data e@mpare only with LBFS
[45]. The number of irrelevant features selectegetiber with both relevant features is
compared when using SID and three alternatives edsthThe methods are compared
when 5% to 65% of data were missing randomly inhef@ature. In feature selection
experiments with 5% of missing values SID and femselection based on EM and mean
imputation worked equally well, selecting only twelevant features (see results at Fig.

3.1). However, the kNN based method had problemsomputing nearest neighbors
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even with such a small number of missing valuethe presence of a huge number of
irrelevant features. When a large fraction of thatadwas missing, SID clearly
outperformed the alternatives. In particular, ia gresence of 35% of missing values in
two relevant variables SID was still selecting omyo relevant variables, while to
capture these two variables alternative methods va#so selecting 2 to 12 irrelevant
variables on average. All methods performed badign extremely large fractions of
data were missing (>50%), but SID was still a betteoice than the alternatives. The
square mark on each line in Fig. 3.1 indicatespibstion from which the result of each
method becomes unstable resulting in a large vagiaand high chance of selecting
random features. As shown at Fig. 3.1, the SID nwtlecomes unstable much later than

the alternatives.
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—¥—SsID

—— LBFS+Mean
251 —=— LBFS+kNN
—— |BFS+EM
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15+

10+

Number of selected irrelevat features

L L
% 45% 55% 65%
Fraction of missing values

Figure 3.1: The Number of Irrelevant Features Setedogether With Two

Relevant Features via. Fraction of Missing Valugmthetic Data)
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Results on Benchmark Data

In this section we present the results on 6 bendhrdata sets calle®Vpbg
Splice USPS MNIST, DLBCL, and Arecene The properties of these data sets are
summarized in Table 3.2. We perform binary clasatfon on all data sets. For the multi-
class data set®JEGPS MNIST), we converted the original 10-class problem twahy by
setting digits 3, 6, 8, 9, 0 (round digits) as atess, and digits 1, 2, 4, 5, 7 (non-round
digits) as the other class. For data with a smaihlper of featuresfpbcandSplicg, we
added 2000 irrelevant features independently sairpben a Gaussian distribution with
0-mean and 1-variance.

Table 3.2. Summary of Benchmark Datis Se

Dataset

Feature

Instance

Class

Wpbc

33+2000

194

2

Splice

60+2000

1655

2

USPS

256

7291

10

MNIST

484

5000

10

DLBCL

5469

77

2

Arecene

10000

100

2

Unlike the synthetic data from the previous sectionthese experiments we
didn't know the optimal features for all benchmdaita, as there might be some irrelevant
and weakly relevant features in the data. To evaltiae quality of selected features
selected by different methods, we trained a SVMselected features and tested the
classification error on the selected feature spade.trained the same SVM with a
Gaussian kernel on the features selected by differethods. The kernel width of SVM

Gaussian was set to be the median distance betaeets in the sample. We applied 5-
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cross validations on data sets with more than B6tances, and leave-one-out procedure
on data sets with less than 500 instances.

The classification errors of SID are compared toséhof LFSB, SIMBA and
Relief with respect to their accuracy for differefiactions of missing values on
benchmark data. These results for the Mean-basedtations in LFSB, SIMBA and
Relief are reported at Fig. 3.2 where the threer@adttives are labeled as LFSB-mean,
SIMBA-mean and Relief-mean. In all comparisonsapseters in the SID method were
fixed to kernel widtho = 1 and regularization parameter 1. Similarly, in Fig. 3.3 and
Fig. 4 the results of SID are compared to threermdttives based on kNN and EM
imputation.

The results summarized at Fig. 3.2 and Fig. 3.¥igeoevidence thakNN and
EM methods for data imputation didn't work well ®dpbc and Splice for feature
selection even when the data had a small fractfamissing values. The reason is that
2000 completely irrelevant features were addedhésd two data sets. In a feature space
with so many irrelevant features, nearest neighbarsbe completely different from the
nearest neighbors in the original feature sp&dd. estimated the missing values by
exploiting the correlation among instances. Howgeuestances with high correlation in
the original feature space can be almost indepén@esnevident from Fig. 3.4 in the

experiments where 2000 completely independenewvegit features were present.
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Figure 3.2. Classification error with respect taction of missing values by SID
compared to three alternative feature selectiomaust that used Mean to perform data
imputation
Feature selections based NN andEM imputation were good olSPSand
WNISTdata, which have a small number of irrelevantuesst (see Fig. 3.2 and Fig. 3.3).
However, these methods failed @LBCL and Arecene,as most features ithese
datasetsre irrelevant.

Fig. 3.2 shows that, similar tdlean, our SID was not sensitive to the
number of irrelevant features. Thdean method estimated missing values for each
feature by the observed values in the same vatoethat irrelevant features did not affect
estimation of the missing values. Therefore, thetuiee selection based on tMean

method is not sensitive to irrelevant features. QoposedSID measured the distance in
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weighted feature space together by taking into @atthe uncertainty due to the missing
values. It can correctly capture the nearest na@ghleven in highly irrelevant feature
space. The results shown at Fig. 3.2, Fig. 3.3Fagd3.4 also provide evidence ti&iD

method outperformed alternatives in all data satgliffferent fractions of missing values.

—+— SID

L BES-KNN Wpbc Splice USPS

—O—— Simba-kNN 40
—— Relief-kNN
S X 35 X
S S S
m o 30 m
[] 30 (] []
3 3 3
O / o 25 o
ZO‘E 20E
5% 25% 45% 65% 45% 25% 45% 65%
Fraction of missing values Fraction of missing values Fraction of missing values
MNIST DLBCL Arecene
25 -
30
45
s 20 < <
= = 5 40
o ° 20 o
m 15 i i
] ] 10 ]
P 2 30 4
5% 25% 45% 65% 5% 25% 45% 65% 5% 25% 45% 65%
Fraction of missing values Fraction of missing values Fraction of missing values

Figure 3.3 Classification error with respect tacfran of missing values by SID
compared to three alternative feature selectiormaust that used KNN to perform data
imputation
Number of selected featuresOur SID method can automatically select optimal
feature set by eliminating features with weightoz&1D selected 18 out of 2033 features
on Wpbg 32 out of 2060 features @plice 13 out of 256 features AISPS 28 out 484

features oMNIST, 35 out of 5469 features @LBCL, and 59 out of 10000 features on
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Arecene However, LBFS, Simba and Relief cannot select optimal feature set
automatically, since they are all feature rankingthmd. In all experiments, we let three

alternatives select the same numbe® > selected on each data.
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Figure 3.4. Classification error with respect taction of missing values by SID
compared to three alternative feature selectiormaust that used EM to perform data
imputation
Analysis of Convergence
To simplify convergence experiments we fixed the @& missing values in each
data set at 35%. For each data set, the numbezatiires selected yID at every 5
iterations is shown at the left side of Fig. 5. &, see thaSID converged quickly on

each data seS(D converged in 45 iterations dxrecenedata, and in about 30 iterations
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on other data). The obtained results provide ewddhat our method is applicable to
large-scale data.

The classification error o6ID on each data set at every 5 iterations until
convergence is shown at the right side of Fig. 36Gur method converged on all data
sets in a small number of iterations (45 iterationg\recenedata and about 30 iterations

on other data).
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Figure 3.5. Convergence analysis. The number ettal features and classification
error with respect to the number of iterationssdrewn at the left and the right panel,
respectively.
The proposed SID method performs feature selediogctly from incomplete
data, without applying an imputation method toreate the missing values in advance.

In SID, the objective function is formulated by itad into account the uncertainty of the
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instance due to the missing values. The weigheé&azh feature is obtained by solving the
revised optimization problem using an EM algorithExperimental results provide
evidence that our method outperforms the alteraafeature selection methods that

require a data imputation step in a data pre-psicgstage.



CHAPTER 4

LEARNING FROM TEMPORAL HIGH DIMENSIONAL DATA

In this part, | introduce my method handling monaleenging situation where the
high-dimensional data varies in time. Existing wayhandle such data is to flatten
temporal data into single static data matrix, drehtapplying traditional feature selection
method. In order to keep the dynamics in the timees data, our method avoid
flattening the data in advance. We propose a waynéasure the distance between
multivariate temporal data from two instances. Base this distance, we define the new
objective function based on the temporal margireath data instance. A fixed-point
gradient descent method is proposed to solve ttreufated objective function to learn
the optimal feature weights. The experimental tssoh real temporal microarray data
provide evidence that the proposed method canifganbre informative features than

the alternatives that flatten the temporal datadwance.

4.1. Introduction

Microarray technology has the ability to simultangly measure expression
levels of thousands of genes for a given biologszahple. There is often interest in the
analysis of dynamic biological processes with d&t@am DNA gene expression

microarray chips. In order to predict an individsaiealth status, it is very helpful to

42
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analyze such high dimensional gene expressiontdatasaries with time. There are two
major challenges in prediction from such temporaroarray data. One is dealing with
small-sample high-dimensional data where the nurabéromarkers used as features is
typically much larger than the number of labelebjscts. A common way to address this
problem is to perform feature selection methoda @seprocessing step, followed by a
classification method on selected features to ptede health status of an individual.

Another challenge of analyzing dynamic biologicabgesses is that the data
gathered is temporal. For example, in the two fieatlata sets we used in experiments
section, the data records for each individual aodtivariate time series. The whole data
set consists of many such multivariate time sdries different individuals. However,
traditional feature selection methods cannot hasdieh multivariate time series data.
The most straightforward method of handling thisoisapply some techniques to flatten
the temporal data, and then perform traditionaluieaselection methods in the flattened
data. Obviously, the flattening process may resulioss of some information among
temporal data. Such straightforward methods tendsdtect features that are not
informative enough.

In this study, we proposed a feature selectiorerfithat can directly select
informative features from temporal high-dimensiobi@markers. We defined a temporal
margin for each subject based on a measure ofdestaetween two multivariate time
series data from two different subjects. The objectunction of the proposed selection
method is to maximize each subject's temporal margits own relevant subspace. We
applied stochastic gradient ascent to solve thenggdtion problem and get the optimal

weight for each feature. Features with large waighte selected to build the prediction
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model to predict the health status of each indizidiihe experimental results show that
our method outperforms the alternatives, which wappéaditional feature selection
methods after flattening the temporal multivarigeme expression data.

There are some recent works about learning featén@m® temporal gene
expression data [55, 56]. However, they are differfom this study. First, those
methods treat the records for an individual atedéht time steps as different new
subjects. Secondly, most of those works projectdam to another space and learn
features from the new space (factors or principahgonent). This method is difficult to
use to help one understand the data based onesklactors since the factors are not in

original space any more.

4.2. Related Work

Feature selection methods can be broadly categbiine filtering models [47]
and wrapper models [48]. Filtering methods sepathéee feature selection from the
learning process, whereas wrapper methods comibiesn.t The main drawback of
wrapper methods is their computational inefficiency

There are three widely used kinds of filtering noeth In [49, 51] a margin-based
method is proposed as a feature-weighting algorithat is a new interpretation of a
RELIEF-based method [50]. The method in [51] isaantine algorithm that solves a
convex optimization problem with a margin-basecdeobye function.

Markov Blanket-based methods [47, 52, 53] perforeatire selection by
searching an optimal set of features using MarktanBet approximation. The method

proposed in [47] used symmetrical uncertainty toasuee the relationship between
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variables. For a pair of features, the method nreassymmetrical uncertainty and also
the symmetrical uncertainty between either of thend the target variable. If the
measured value between these two variables isegréein the measured value between
either one of them and the target variable, theakber with the larger symmetrical
uncertainty to the target is regarded as the MaBiawnket of the other variable, which
then is removed. The method proposed at [52] reohdhe feature whose Markov
Blanket can be found in the rest of features. Metfu38] applies Markov Blanket-based
method in SNP data to select informative SNP tadliptehe efficacy of the drug.

Dependence estimation-based methods use the H8bhrhide Independence
Criterion as a measure of dependence between derds and the labels [54]. The key
idea in this method is that good features shoulgimiae such dependence. However, all
these methods assume that the data is static witresying on time. They cannot be
applied in temporal gene expression data thakisrthin problem of this study.

Several feature learning methods [55, 56] haventgcbeen proposed to handle
the temporal gene expression data, without imputigsing values in advance. Method
in [55] applied the Beta Process to the factor egoor to the singular values of a SVD
construction to infer the number of factors in gempression data. The method was
tested on several gene-expression data includirtgngoral one. Method in [56]
developed a time-aligned Bayesian dynamic fact@lyss methodology. By using a
nonparametric cure rate model for the latent itdra times, the method allowed
selection of the genes in the viral response pathwariability among individuals in
infection times, and s subset of individuals whe aot infected. However, those two

methods are different from the proposed methodhig gtudy. First, those methods treat
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the records for an individual at different timepstandependently, which will result in
loss of temporal information among the data. Selsoadl those works project the data to
another space and learn features from the new qf@c®rs or principal component).
Those methods are actually methods for dimensiaucten, rather than feature

selection. Due to this, we will not compare our Inoek with them in this study.

4.3. Proposed Method

represents observed biomarkers (e.g. gene expression data)dividuali measured at
T; time steps.” €+ represents the class label (e.g. health statugdoviduali. Let

X" be ther™ column ofX; that corresponds biomarkers measured at tige

We will first define the measure of distarmetween multivariate time
series data of two subjects, and then presenteti@dral margin based on the distance
measure as well as the objective function of predofeature selection method and

algorithm for solving the corresponding optimizatiroblem.

4.3.1. Measure Distance Among Multivariate Time Sées

GivenX;, X; corresponding to the observed biomarkers measuréifferent time
steps for individuali and individualj, respectively, the distance (we call Temporal
distance, represented &dis) between two multivariate time seri¥sandX; is defined

as:
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< Ty o =

T T
Tdist(X;, X ;) Tl ZZd X", x(9)
where T and T are the number of time steps of individiisgdnd individualj,

respectively; x» is the vector consists of biomarkers measuredina tstepsr for

individuali; x© is the vector of biomarkers measured at time stépisindividualj; for

any two vectory andz, functiond(v, z) is defined asq(v,z) = /2 (v, -2,)2
p

4.3.2. Maximize Temporal Margin

It has been shown [50] that margins play a cruckd in many machine learning
methods. They measure the confidence of a classiteen making classification
decision. Margins have been used both for theorgéneralization bounds and as
guideline for algorithm design. Usually, the largeargin an instance has, the more
easily it can be classified correctly. If many s#npoints have large margin, a good
generalization can be guaranteed about the dalahardata will be easily classified.

Given an instance, the margin of a hypothesis & distance between the
hypothesis and the closest hypothesis that assgnslternative label. For a given
instanceX;, we find two nearest neighbors &, one with the same class label (called
nearhit), and the other with different class label (calleghrmiss). The hypothesis-

margin of a given instancg¢ in data set D is defined as:
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Lo(X,) = % (Tdist(X,, nearmis¢X, ))
—Tdist(X;, nearhit(X;)))

In margin-based feature selection, we scale théurfeaby assigning a non-
negative weight vectow, and then choose the features with large weidtasrhaximize
the margin. One idea is to then calculate the margweighted feature space rather than
the original feature space, since the nearest heigin the original feature space can be
completely different from the one in the weightedttire space. Therefore, we define the

instance margin for each instan¢efrom D in a weighted feature space as:

o (X, [W) =%(Tdist(xi \nearmis€X, )| w)
—Tdist(X;, nearhit(X, ) | w))

which is equivalent to:

1 LY .
X |w) = d(X", nearmis¢X.)® |w
pD( || ) 2Ti><Tj ;; ( i $ |) | )

Tu

T
d(X", nearhit(X.)®
e > d(X{ i) [w)

i jor=ls=1

where Ty and Ty are the number of time steps of nearndgsand nearhit;),

respectively; for any two vectovsandz, functiond(v, z|w) is defined as:

d(v,z|w)=\/2(vp—zp)2w§
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We already define the instance margin for eachesubq;. Therefore, we can
define the temporal margin of the entire data It thes| subjects as the sum of all

instance margins, which can be written as:

Pow = Zpo (X; [w)

The feature weights can be learned by solving atimagation problem that
maximizes the temporal margin of entire data D. er€fore the most informative
features can be chosen based on the feature wégginteed. The bigger weight a feature

has, the more important the feature is. This ogi@tion problem can be represented as:
|
mWaXZ,DD (X [w)
i=1

which is equivalent to:

| T Tu
max)_( 1 D> 1d(X{”, nearmis$X;)® |w)
woT 2T xT =3
1 T Tu
- D> d(X",nearhit(X,)® | w))
2Ti XTj r=1 s=1 (1)

We solve this optimization problem to get the optinveightsw by applying

stochastic gradient ascent. The gradient’®fwhen evaluated on a data D is:
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where, for two vectorsv and z, the function is defined as:

|v—z|?:(vi—zj)2.

4.3.3. Feature Selection Algorithm

In this section we will introduce our feature séil@e method, which solves the
optimization problem introduced in previous section
The proposed algorithm fdfeature Selectionin Temporal microarray data (we call it
FST) is shown in Table 4.1. THEST algorithm starts with initializing the values wfto
be 1. With such initialization we can estimate ihgance margin for each instangg
Then, in each iteration, the weights vectoris updated by solving the optimization
problem introduced in previous section. We repéat iteration until convergence or
using all instances to update the weights.

The complexity of thé=ST algorithm is OTNM) where T is the total number of
iterations,N is the number of features, aMlis the number of subjects. Usually, we
let algorithm iterate on all training instancesgréfore the complexity of FST algorithm

is ONM?).
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TABLE 4.1 FST FEATURE SELECTION METHOD

Input: data set D =X, Vi}i=1...1
Output: feature weights
Initialization: setW=1,t=1

For each subject X, Do
Calculate Tdisx, X, w®™™) when r #i

Calculate nearmiss§ and nearhiiX;)
For each dimensionality j, Do

Calculatevj
End For
t=t+ 1,
w(t) =w(t-1) + v
End For
we—w?/||wW|

4.4. Experiments and Results

To characterize the proposed algorithm, we conduectee-scale experiments on
both synthetic and 2 real flu data sets [55, 5d]. experiments of this study were
performed on a PC with 3 GB of memory. We companedproposedrST algorithm in
temporal gene expression data with three traditideature selection methods (the
method proposed in [47] that we cRICBF, HSMB [52] andRelief [57]) after flattening
temporal multivariate data into one single matrix.

For the prediction method, we apply a Nearest Nmgltlassifier on all features
and select features by different feature seleatn@thods. We compare results on both

synthetic data and real data.

4.4.1. Results on Synthetic Data
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We generate synthetic data simulating 20 subjeEsch subject has 50
dimensional records at 20 different time steps.hEadject i is generated according the
following process. We first generate 50 dimensionaldom data Xi for subject i at time
step 1. Label Yi is complete decided by the firsiurf features following
Y= (X v X)) A(Xis v Xia) \We then generate records for subject i at otinee steps using

~N@O-Y)

XD — ) | o & . . . . .
i i , where 10° is the Gaussian noise that is also a function of

formula:
time steps.

The results on synthetic data are shown in Figuteafid Table 4.2. Figure 4.1
shows the feature weights for each feature leabyealr FST algorithm. It clearly shows
that our method assigns significantly larger wesgtat the first four features used to
decide the Label than to most other features.

Table 4.2 shows the results comparing our methothtee alternatives (three
alternatives are applied after flattening the terapdata). We choose the top 10 features
selected by each method, and compare the numideanires correctly selected among
these top 10 features. For FCBF and HSMB, top Hiufes means 10 features first
selected into the optimal set. For Relief and R8p,10 features means 10 features with
biggest feature weight. We can see from TabletBa our method included all 4
informative features in the top 10 features, whef€@BF hits none, HSMB hits only one

and Relief hits 2. Out method outperforms altexrgation this synthetic data.
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Figure 4.1. Feature weights learned on synthetie g ourFST method

TABLE 4.2NUMBER OFCORRECTLY SELECTED FEATURESAMONG TOP 10 FEATURES
FCBF | HSMB | Relief FST
0 1 2 4

number correct
features

4.4.2. Results on Two Real Flu Datasets

In this section we compare our method and otharratives on two real flu
datasets that have been used in some other sfusbe$6].

In summary, H3N2 data consists of records of 17estb collected at 16 different
time steps. HIN1 data consists of records of 24ests collected at 16 different time
steps. For H3N2 and H1N1 gene expression dataaiime 12,023 genes are considered

for analysis for each subject at each time step.
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Since we don’t know in advance which genes amomgehtwo datasets are
deciding an individual's health status, we evaluate method and three alternatives in a
different way than that applied to Synthetic d&te apply all methods on both data sets,
and build the prediction model on selected genes. ddmpare the accuracy of the
prediction models built from different methods. Wadieve that the selected features tend
to be more correct if the prediction model builttbese features is more accurate.

For the feature selection and learning-predictioycess, we apply leave-one-out
schema because of the low number of subjects il Ibeob data set. To avoid
overfitting, in each iteration of leave-one-out ecta, the training set is used to perform
feature selection and learn the prediction modd, the one test subject is only touched
in prediction process. We applied a Nearest Neigldtessifier to build the prediction
model because it is easy to perform on multivatieteporal gene expression data sets.

The results on H3N3 and H1N1 data sets are listeGable 4.3 and Table 4.4.
Since H1N1 data set is imbalanced data (8 negatiagects and 16 positive subjects).
We report sensitivity, specificity, and balancedwacy to evaluate the results from all
methods. Sensitivity measures the proportion otiacpositives which are correctly
identified as positive (e.g. the percentage ofdtdd subjects who are correctly identified
as having virus infected). Sensitivity represehts probability of a positive test given
that the patient is ill. Specificity measures thepwortion of negatives which are correctly
identified as negatives (e.g. the percentage ofinfmtted subjects who are correctly
identified as not having virus infected). Specitficirepresents the probability of a

negative test given that the patient is well. Tladabced accuracy is the average of
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sensitivity and specificity. The balanced accurdaenyd to drop the chance that the

classifier takes advantage of an imbalanced tést se

TABLE 4.3. RESULTS ONH3N2DATA
(a) Classification Accuracy (mean =* std)
All feature FCBF HSMB Relief FST
. 0.755 + 0.750 0.875
Sensitivity 0.667 0 0.242 0.175 0.063 1.000+£ 0
. 0.556 + 0.667 * 0.778 + 0.88¢+
Specificity | 081101 75 54q 0.135 0.118 0.130
Balanced_Acc 0.771 +0 0.653 £ 0.708 £ 0.826 £ 0.94¢+
uracy ' B 0.149 0.162 0.065 0.064
(b) Number of Selected Features
FCBF HSMB Relief FST
15 50 Top 50, Top 50
TABLE 4.4. RESULTSON HIN1DATA
(a) Classification Accuracy(mean + std)
All feature FCBF HSMB Relief FST
o 0.813 % 0.813 +
Sensitivity 0.938 =0 0.068 0.136 1.000£0  1.000x0
. 0.375 + 0.500 + 0.500 + 0.75(
Specificity | 0125201 5444 0.128 0.132 0.151
Balanced_Accu 0531 +0 0.594 + 0.656 + 0.750 £ 0.87t +
racy ' B 0.102 0.065 0.074 0.101

(b) Number of Selected Features

FCBF

HSMB

Relief

FST

23

43

Top 43

Top 43

The classification results on H3N3 and H1N1 arewshat the top sub-table of

Table 4.3 and Table 4.4. The number of selecteturfes from different methods are

shown at the bottom sub-table of Table 4.3 and dab#t. FCBF and HSMB can
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automatically select the optimal set of featurebergasRelief and FST are feature
ranking features. For comparison, we Ratlief and FST selects the same number of
features as the bigger one among the number ofiree=safFCBF and HSMB returns
automatically. We repeat experiments 20 times ambnt the mean + std values for
classification results (sensitivity, specificitypdabalanced accuracy).

Table 4.3 shows the results on H3N3 data. We carihsre that the accuracy of
predictor built on the features selected by outppsedFST method outperforms all
alternatives including the predictor built on @bfures. This proves that de®T method
selects more accurate features. The bottom sué tdblable 4.3 shows th&CBF
selects the smallest number of features amongegtthaas, which is consistent to the one
of widely know drawbacks diCBF: FCBF tend to remove features too aggressively.

We got similar results, shown in Table 4.4, on H1fd1the results on H3N2.
Moreover, H1N1 is an unbalanced dataset (with ldrgetion of positive subjects). We
can see from Table 4.4 that if we build a predictorall features, we will tend to predict
most negative subjects as positive subjects. pReificity results fromFCBF, HSMB
and Relief are also small, because they didn’t select mdsirnmative features. The
predictors built on these selected features sufférem imbalanced data, and treated

most negative subjects as positive subjects.

4.4.3. Analysis of Our Results

In follow up experiments we built predictors frono 1 to Top 1000 selected
genes on both H3N3 and H1N1 data sets. The resnltd3N2 and on H1N1 data are

shown in Figure 4.2 and Figure 4.3, respectivelye Tesults on both Figure 4.2 and
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Figure 4.3 are the average results of 20 repeateerienents. To avoid messy, we didn't
plot the error baron the figures. The stand depwabf accuracy of 20 experiments on
H3N3 data is in the range of [0.045 0.026], wher¢he range of [0.050 0.186].
This shows our method is quite standard on both dets. Actually the results in Table
4.3 and Table 4.4 also show that our method cansmeilar results while running
multiple times.

Figure 4.2 and Figure 4.3 show that, for H3N3 da#a,got the highest accuracy
by selecting about 25 genes, whereas we got theesigaccuracy by selecting about 50
genes on H1N1 data. The results provide evidenag tbr these two high dimensional
gene expression data, selecting too few genesraslilt in losing information on the
data, whereas selecting too many genes will binpod much noisy information about
the data.

H3N2 data set
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Figure 4.2. Accuracy vs. number of selected featbyd=ST method (H3N2 data set).
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Figure 4.3. Accuracy vs. number of selected featbsd=ST method (H1N1 data set).

4.5. Improving Optimization

In this section we further enhance proposed me#®d in last subsection by

improving optimization method. We called the impgdvnethodISTM .

4.5.1. Improved Optimization

In margin-based feature selection, we scale théurfeaby assigning a non-
negative weight vectow, and then choose the features with large weidtasrhaximize
the margin. One idea is to then calculate the margweighted feature space rather than

the original feature space, since the nearest heigin the original feature space can be
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completely different from the one in the weightedttire space. Therefore, we define the

instance margin for each instan€¢efrom D in a weighted feature space as:

Po (X |w) = %(I’dist(xl ,nearmisgXx, )| w)
—Tdist(X;, nearhit(X, ) | w))

3)
which is equivalent to:
po(Xi|w)= T 1TM g:zz;d(xf”,nearmisyi)@ W)
L S X ¢
T xT, ;;d X" nearhitX( ©) w
e @)

whereTy and Ty are the number of time steps of nearndgsénd nearhiiX;),

respectively; for each instance Xi, the correspogdii is defined as:

1 T v

| = X —nearmisgX; )®
B T xT ;;l X ) |
1 T\ TH
- X" —nearhit X; 9
2Ty (5)

where I'l is the element-wise absolute operator.

One possible problem may exist in the current dkedim of instance margin. The
nearest neighbors we calculate for each instangatmbot be the real nearest neighbors,
since we calculate the nearest neighbor for eastance in the weighted space which
changes each time the weights got updated. To sbisgroblem, we take into account
the uncertainty of calculating nearest neighboremwhalculating instance margin. We
calculate the uncertainty of each instance being mlearest neighbor of, The

uncertainty is evaluated by standard Gaussian kestenation with kernel width os.



60

Specifically, we define the uncertainty that antansex; with the same class label as

can be the nearest hit neighboxghs:

1 S nm s)
exp(2TixTM rZiszld(x. K Y W) io)

Unearhit(xi | Xp W ):

1 T Ty
Loy g, 2200 ) Wie)
j i r=1s=.

wheresli <N i#n y,=y,

andslj <N y; =y, (6)
Similarly, the uncertainty that an instangewith a different class label fromy,

can be the nearest miss neighbox;of defined as:

Tl TH
exp%ZZd XX, P w)le)

i H st
1 g §o
exp? dXj’, & W)io)
Zj: ixTy 252:1 ! "
wheresli <N 'y, =y,
andslj <N vy, =y, (7)

Unearmiss(xi | Xn W )=

Please note that distance in equations (6) and€fiptes the distance betweegn
andx; in weighted space determined kys weight vectow,. Finally, by checking the
uncertainty of each instance to be the nearesthhergof x,, we define ourfinal
Temporal margin with uncertainty as the expectation of the instance marginpf

which can be written as:

T
EpD(xn jlw)=w Eﬂn

where

T Ty
1 L .
E/in = Z Unearmiss(xi |Xn "W ) T xT Zlei(r) 7n9al‘mISS(Xi )(S) |
iwhen y= y i* M ra1s=1

1 4 .
- z Unearhit ((i P(n w )2_|_ T ZZ P(i(r) —nearhit X(i ()s)
iwheny=y i%H s

(8)
As we mentioned before, our temporal margin incaajes the uncertainty in

calculating two nearest neighbors{E
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We already define the instance margin for eachesub,. Therefore, we can
define the temporal margin of the entire data It thes| subjects as the sum of all

instance margins, which can be written as:

Pow = ZPD(xn |w)
©

The feature weights can be learned by solving atimggation problem that
maximizes the uncertainty margin of data D. Thidtimopation problem can be

represented as:

N
max>_ E,, (Xn IW)  subject tav >
T (10)

We followed logistic regression formulation framewoln order to avoid huge
values in weight vectow, we add a normalization conditioh¥ l<¢  Therefore, we can

rewrite the optimization problem as:

N
minZIog(l+ expCE, &, W)) subjecttav> Oy ;4|0
w  n=l o (11)

The above formulation is called nonnegative garrotée can rewrite the

formulation as:

N
min2_ log(+ expEwE, WA | |

w n=1

subjectw > 0 (12)

For each solution to (12), there is a paraméteorresponding to the obtaingd

in (12), which gives the same solution in (11). rRolation (12) is actually the
optimization problem Withgl regularization. The benefits of adding tt{e penalty

have been well studied [58] and it is shown that {h penalty can effectively handle

sparse data and huge amounts of irrelevant features
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4.5.2. Improved Results

To characterize the proposed algorithm, we conduetege-scale experiments on
both synthetic and 2 real flu data sets [55, 5d]. experiments of this study were
performed on a PC with 3 GB of memory. We companadproposedSTM algorithm
in temporal gene expression data with four traddlofeature selection methods (the
method proposed in [60] that we cBIAHSIC, SIMBA [50], Relief [57] andFST [61])
after flattening temporal multivariate data inteeaingle matrix.

For the prediction method, we apply a Nearest Nmgltlassifier on all features
and select features by different feature seleatn@thods. We compare results on both
synthetic data and real data (same data sets asetden Chapter 4.4).

The results on synthetic data are shown in FiguaedLTable Il. Figure 4.4 shows
the feature weights for each feature learned by puaposedMSTM and three
alternatives. It clearly shows that our methodgrssisignificantly larger weights to the
first four features used to decide the Label thmmbst other features. Moreover, our
method applied L1 regularization so that the featueights learned are sparse (most of
feature weights are tend to zero).

Table 4.5 shows the results comparing our methothitee alternatives (three
alternatives are applied after flattening the terapdata). We choose the top 4 features
selected by each method, and compare the numldeanfres correctly selected among
these top 4 features. Top 10 features means llrésawith biggest feature weight. We

can see from Table Il that our method included4aihformative features in the top 4
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features, whereaSIMBA hits 2,BAHSIC hits only one andRelief hits 2. Out method

outperforms alternatives on this synthetic data.
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Figure 4.4. MSTM Results-Feature weights learnedyarthetic data.

TABLE 4.5NUMBER OFCORRECTLY SELECTED FEATURESAMONG TOP4 FEATURES

Relief FST | Simba| MSTM
# correct features 2 2 3 4

The results on the same real flu data sets as & insChapter 4.4 are shown in
Table 4.6 and Table 4.7. We repeat experimentsir@®stand report the mean + std
values for classification results (sensitivity, sifieity, and balanced accuracy). We can

see there that the accuracy of the predictor builthe features selected by our proposed
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MSTM method outperforms all alternatives including gimedictor built on all features.

This proves that ouMISTM method selects more accurate features.

TABLE 4.6. MSTM RESULTS ONH3N2 DATA
(a) Classification Accuracy (mean =* std)
f Al BAHSIC | Relief | Simba FST | MSTM
eature
o 0.735 + 0875+ | 0.882+
Sensitivity 0.667 £ 0 0.202 0.063 0.073 1.000£0| 1.000+0
. 0.582 + 0.778+ | 0.763 % 0.889 0.922 +
Specificity | 0811£0 “5556" | 9118 | 0053 | 0130 | 0.150
Balanced_Ac 0771 + 0 0.659 + 0.826+ | 0.823 % 0.944 + 0.961 +
curacy ' - 0.129 0.065 0.063 0.064 0.084
(b) Number of Selected Features
PAUS! Relief | simba | FST | MSTM
217 154 135 50 55
TABLE 4.7. MSTM RESULTSON HIN1DATA
(a) Classification Accuracy (mean = std)
¢ Al BAHSIC Relief Simba FST MSTM
eature
o 0.938 +| 0.806 * 0.948 +
Sensitivity 0 0.052 1.000+0 0.003 1.000+£0 1.000£0
. 0.405 + 0.500 + 0.605 + 0.750 0.801 +
Specificity | 0125200 "o431 | 0132 | 0163 | 0451 | 0.131
Balanced_Ac 0531 + 0 0.606 0.750 = 0.777 0.875 0.901 +
curacy ' B 0.092 0.074 0.085 0.101 0.065
(b) Number of Selected Features
BAHSIC Relief Simba FST MSTM

346

121

141

43

27

The number of selected features from different m@shis shown at the bottom

sub-table of Table 4.6 and Table 4.7. ®A8TM method can automatically select the




65

optimal feature set by eliminating features withighe zero.MSTM selected 55 genes
out of 12,023 features d3N3 and 27 genes out of 12,023 featuresH@N1 However,
FST, Simba, BAHSIC and Relief cannot select the optimal feature set automayicall
since they are all feature ranking methods. We rtepe number of top features where
we get the highest accuracy for these three methidds number of selected features is
listed at the bottom of Table 4.6 and Table 4.7t @ethod forces the weights of most
irrelevant features to be zero, and it thereforlecs® much fewer features than the

alternatives.



CONCLUSION

Data sets with irrelevant and redundant features large fraction of missing
values are common in the real life application.rbeay such data usually requires some
preprocess such as selecting informative featundsimputing missing values based on
observed data. These processes can provide mareatec@and more efficient prediction
as well as better understanding of the data digidh. In this presentation | will describe
my previous work in both of these aspects and mlg@urrent work on feature selection
in incomplete dataset without imputing missing eslu

My previous work focus on handling such data itraightforward way: imputing
missing values first, and then applying traditiof@hture selection method to select
informative features. We proposed two novel methodg for imputing missing values
and the other one for selecting informative festuM/e proposed a new method that
imputes the missing attributes by exploiting tengbocorrelation of attributes,
correlations among multiple attributes collectedhet same time and space, and spatial
correlations among attributes from multiple sourcéee proposed feature selection
method aims to find a minimum subset of the modbrimative variables for
classification/regression by efficiently approxiimgtthe Markov Blanket which is a set
of variables that can shield a certain variablenftbe target.

The straightforward method is imputing the missuaue first, then applying

traditional feature selection method on the enldrdata. However, imputation methods

66
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only work a lot better when data is missing conglietat random, when fraction of
missing values is small, or when there is priorwiealge about the data distribution. My
recent work is aimed to feature selection in inctatgdata without imputation. In the
new method, we show how to perform feature selectioectly, without imputing
missing values. We define the objective functioriha uncertainty margin-based feature
selection method to maximize each instance’s uaitgyt margin in its own relevant
subspace. In optimization, we take into accountuheertainty of each instance due to
the missing values. The experimental results othgyitc and 6 benchmark data sets with
few missing values (less than 25%) provide evideéhaeour method can select the same
accurate features as the alternative methods wéypgthy an imputation method first.
However, when there is a large fraction of missmtues (more than 25%) in data, our
feature selection method outperforms the altereatiwhich impute missing values first.
In the last part of my dissertation, | introduce method handling more

challenging situation where the high-dimensionahdaries in time. Traditional way to
handle such data is to flatten temporal data imbgles static data matrix, and then
applying traditional feature selection method. ogwsed a method that avoids flattening
the data in advance so that it can keep the dysamidime. We propose a way to
measure the distance between multivariate timeesedata from two instances.
Therefore, we define the new objective functioneloben the temporal margin of each
data instance. A fixed-point gradient descent neisgroposed to solve the formulated

objective function to learn the optimal feature glds.
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