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Supplementary material 1 - Genomic data sources used in experiment 1 and 2

Table 1: Genomic data sources used in experiment 1 and 2.

data source reference type features kernel function
EST i expressed sequence tagging annotations 167 linear

GO 2] GO annotations 8643 linear

Interpro 13 annotations 4708 linear

KEGG pathways [4] interactions 314 linear

Motif [5][6] motif findings 674 linear
Sequence [ amino acid sequences 20 2-mer string
Microarray Son et al. | [§] expression array 158 linear
Microarray Su et al. ] expression array 158 linear

Text [10)[11] gene by term vectors using GO vocabulary 7403 linear

Supplementary material 2 - MKL extensions for Weighted SVM and Weighted LSSVM
Weighted SVM

The conventional SVM does not perform well in the presence of imbalanced data. Weighted SVM was
proposed to cope with this problem [12, [13] [14]. As an extension from conventional SVM two different

penalty constraints were introduced for the positive and negative classes. The optimization problem



becomes,

minimize %wTw+O+ Soodrren Y e (1)

{ilyi=+1} {ilyi=—1}
subject to  y;[W @(F) +b] >1— &, i=1,..,N

gi > 0; 1= 17"'7N7
where 7; are data samples, ¢(+) is the feature map, y; are class labels, C and C_ are respectively the
penalty coefficients for positive class samples and negative class samples, &; are slack variables, k+ and k—
are respectively the numbers of slack variables for positive and negative class samples, 0 is the norm vector
of the separating hyperplane, and b is the bias. This problem is also convex and can be solved as a dual

problem, given by
minimize % TYKYa —a’l (2)
subject to  (Ya@)T1=0

0<a; <Cy, {Vily;=+1}

0<a; <C_, {Vily; =—1},
where @ are the dual variables, Y = diag(y1, ..., yn), K is the kernel matrix, and Cy and C_ are two
different upperbounds of the box constraints on dual variables correspond to different classes. The value of
Cy and C_ should be predetermined. In practical, one can fix C_ and optimize the performance on
training data by varying C [I4]. Suppose the dominant class is +, then its penalty value Cy should be

smaller than the value of rare class samples. In our paper, the reported results on pregnancy data are

obtained by 2C, = C_ = 2.

Weighted SVM MKL
The MKL extension of Weighted SVM is analogous to the MKL extension of the unweighted SVM. The

Lo, MKL for binary class SVM is given by
o 1 T
minimize —vy—a 1 (3)
v,& 2
subject to (Y @) 7T =0
0<a; <C4, {Vily; = +1}
0 S Q5 S C_, {Vl|yl = —1}

y> 'YK YA, j=1,...p,



where p is the number of kernels.
The Lo-norm MKL is analogously given by
. 1 S
minimize —np—a’'l (4)
n,d 2
subject to  (Y@)TT=0
0< < C+, {VllyZ = +1}
0<a; <C_, {Vily; = —1}

v, > @'Y K;Yd. j=1,..,p.

Weighted LSSVM

In LSSVM, the cost function can be extended to cope with imbalanced data, given by

w1

N
o I po 1 2
minimize S + 5)\ E_l v €5 (5)
subject to  y[Wl ¢(Z;) +b]=1—e;, i=1,..,N,

where the main difference with unweighted LSSVM is that the least squares terms are weighted for

different samples. Suppose ¥ = {v1,v9,...,un } is a vector of weights associated with each sample, taking

the conditions for optimality from the Lagrangian, eliminating 1, €, defining 7 = [y1, ..., yn]T

)

Y =diag(y1,....,yn) and W = diag(vfl, - vg,l), the weighted LSSVM can be solved as the following linear

system [15]:

0] g J[r]_]o ©
J | YEY + W/X al |1
To improve the robustness of LSSVM when coping with the imbalanced data, a simple way to choose the

weighting factors is [16]

N/2N, ify; =+1
i:{/Jrly + (7)

N/2N_ ify; = —1
where Ny and N_ represent the number of positive and negative samples respectively. In our paper, the

reported results on pregnancy data are obtained by weighted LSSVM using the setting described above.



Weighted LSSVM MKL
To incorporate multiple kernels in Weighted LSSVM, the QCQP based Lo, solution is given by (assuming

Y=2=1)

L opz A0y -17
t o BTWA - FTY 1 8)

N =
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N
subject to Zﬁi =0,

i=1

where most of the variables are defined the same as in the unweighted version. The weight factor matrix W

is defined as same in (6). The Lo-norm approach is analogously formulated as

minimize —n+ Wi -ty 1 (9)
a,n

N
subject to Zﬁi =0,

N |
)
M

=1
S5 Z BTKjﬁv .]: 17"'7pa

n > |lsjll2, 7 =1,...,p.

The SIP based formulations for Weighted LSSVM MKL are analogous to the unweighted version, with the

only difference that the single kernel weighted LSSVM is solved as the linear system defined in (6).



Supplementary material 3 - Kernel functions used in the paper
Linear Kernel

The linear kernel function is proposed as the inner product of two vector based data samples. Let

K (&;,%;) denotes the kernel function for samples §; and §;, the linear kernel function is defined as

K (%, %) =il 7;. (10)
RBF Kernel
The RBF kernel function is defined as
1 =712
K(fz,fj) e 202 y (11)

where o is a tuning parameter determining the width of the RBF kernel function.

Polynomial Kernel

The polynomial kernel is defined as
K(Z;,%;) = (@] Z;+b)%, b>0 (12)

where b is the bias term and, d the degree of the polynomial function. When b = 0, the function is also
called homogeneous polynomial kernel. When b # 0, it is called non-homogeneous polynomial kernel. In our

paper, b is set to 1.

Clinical Kernel
The clinical kernel function is proposed for each variable type as in [I7]. Let k(v;,v;) denotes the kernel
function for variable v between patients i and j; K,(¢,j) represents the corresponding individual kernel

matrix for variable v; K (4, j) represents the global, heterogeneous kernel matrix.

e Continuous and ordinal clinical variables: The same kernel function is proposed for these variable
types:

C — |vi —vj]

— (13)

k’U(l7j) =

where the constant value C' is usually defined as the range between maximal value between minimal

value of variable v on the training set, given by

C = max — min. (14)



e Nominal clinical variables: For nominal variables, the kernel function between patients 7 and j is

defined as

1 if v, =wv;
ko(i, j) = R 15
(Z j) {O lf 'Ui#'Uj ( )

o Final kernel for clinical data: Because each individual kernel matrix has been normalized to the
interval [0,1], the global, heterogeneous kernel matrix can be defined as the sum of the individual
kernel matrices, divided by the total number of clinical variables. This matrix then describes the

similarity for a class of patients based on a set of variables of different type.

For example, in the endometrial data set, we would like to calculate the kernel function between two
patients i and j for the variables age, number of miscarriages/abortions, and menopausal status, which are
respectively continuous, ordinal and nominal variables. Suppose that patient i is 23 years old, has 1
miscarriage and the nominal menopausal status value is 2; patient j is 28 years old, has 2 miscarriage and
the menopausal status value is 3. Suppose that, based on the training data, the minimal age is 20 and the
maximal age is 100. The minimal miscarriage number is 0 and the maximal number is 5. Then for each

variable, the kernel functions between ¢ and j are:

Fage(i,7) = ((100 — 20) — |23 — 28])/(100 — 20) = 0.9375 |
kmiscarriage (i, §) = ((5—0) —[1 = 2[)/(5-0) =0.8 ,

kmenopausal (Zv .]) =0 .
The overall kernel function between patient ¢ and j is given by

1
K(Za.]) - g(kage =+ kmiscarriage + kmenopausal) =0.5792 .



Supplementary material 4 - Optimal kernel coefficients and performance of individual data sources in
prostate cancer genes prioritization



Table 2: Results of experiment 2: prioritization of prostate cancer genes by genomic data fusion. For each gene, the best individual data
sources are shown in bold. Apparently, the sparse kernel coefficients optimized by Lo, 1-SVM MKL is too selective thus sometimes the best
individual data sources are discarded in integration. In comparison, the Lo method is good at evenly combining multiple data sources.

Name EST GO Interpro  KEGG Motif  Sequence MA1 (Son et al.) MA2 (Su et al.) Text
Error AUC 0.5000 0.2929  0.5000 0.4091  0.5000  0.3535 0.0909 0.3636 0.0505
CPNE Rank position ~ 58/100 30/100 37/100 50/100 53/100 36/100 10/100 37/100 6/100
L, coefficients 0 0 0 0 0 0 0 0.7561 0.2439
Lo coefficients  0.0776  0.3006  0.2726 0.1423 0.2786  0.1789 0.4075 0.5400 0.4917
Error AUC 0.5000 0.1212  0.2929 0.5000  0.5000  0.2020 0.2929 0.0202 0.0606
CDH23 Rank position ~ 71/100 13/100 30/100 89/100 54/100 21/100 30/100 3/100 7/100
L coefficients 0 0 0 0 0 0 0 0 1
Lo coefficients  0.0580 0.3331  0.3143 0.1972 0.2978  0.1823 0.2743 0.4412 0.5968
Error AUC 0.5000 0.5000  0.2424 0.4545  0.4040  0.0707 0.0505 0.1414 0.5000
EHBP1 Rank position ~ 54/100 65/100 11/100 50/100 41/100 8/100 6/100 15/100 84/100
L coefficients 0 0 0 0 0 0 0 0.1905 0.8095
Lo coefficients  0.0733  0.3638  0.3013 0.1832 0.2921  0.1653 0.3833 0.4619 0.5148
Error AUC 0.1616  0.3737  0.5000 0.5000 0.0606  0.3030 0.0202 0.3333 0.0303
MSMB Rank position ~ 15/100 38/100 60/100 92/100 7/100 31/100 3/100 34/100 4/100
L coefficients 0 0 0 0 0 0 1 0 0
Lo coefficients  0.0949 0.2936  0.2014 0.1198 0.2242  0.1256 0.7389 0.3198 0.3683
Error AUC 0.1616  0.5000 0.2475 0.4545 0.5000  0.5000 0.3535 0.3535 0.5000
KLK3 Rank position ~ 17/100 63/100 19/100 20/100 87/100 77/100 36,/100 36,/100 94,/100
L coefficients 0 0 0 0 0 0 0.9373 0 0.0627
Lo coefficients  0.1666 0.2534  0.3097 0.1193  0.2247  0.2345 0.5921 0.4149 0.4120
Error AUC 0.4242 0.1212  0.5000 0.4444 0.0606 0.3131 0.2828 0.0707 0.1010
JAZF1 Rank position ~ 43/100 13/100 86/100 37/100 7/100 32/100 29/100 8/100 11/100
L coefficients 0 0 0 0 0 0 0.3541 0 0.6459
Lo coefficients  0.1301  0.2813  0.2990 0.1645 0.3004  0.1924 0.4661 0.4300 0.5081
Error AUC 0.5000  0.5000  0.1212 0.4293 0.5000 O 0.5000 0.5000 0.3232
LMTK?2 Rank position ~ 79/100 58/100 13/100 29/100 70/100 1/100 71/100 65/100 24/100
L coefficients 0 0 0 0 0 0 0 0 1
Lo coefficients  0.1134  0.3117  0.2836 0.1875 0.2777  0.2029 0.3584 0.4305 0.5850
Error AUC 0 0.3939  0.5000 0.5000  0.5000  0.3636 0.0202 0.1212 0.0202
IL16 Rank position ~ 1/100 40/100 73/100 91/100 51/100 37/100 3/100 13/100 3/100
L coefficients 0 0 0 0 0 0 0.4991 0.2808 0.2201
Lo coefficients  0.0937 0.3723  0.2379 0.1456  0.2035  0.1502 0.5162 0.4918 0.4500
Error AUC 0.5000 0.0808 0.5000 0.4546  0.5000  0.1313 0.5000 0.5000 0.5000
CTBP?2 Rank position ~ 69/100 9/100  45/100 49/100 51/100 14/100 61,/100 48/100 72/100
L coefficients 0 0 0 0 0 0 0 0.7801 0.2199
Lo coefficients  0.0726  0.3348  0.2368 0.1391 0.2419  0.1375 0.4189 0.5802 0.4665




Supplementary material 5 - Performance of individual kernels in Experiment 4



Table 3: Performance of individual kernels in Experiment 4. For each combination of data set and algorithm,
the best individual kernels are shown in bold. For each data set across different single kernel algorithms,
the best results are underlined. The best MKL performance is also shown for comparison. Obviously, MKL
performance is comparable to the results of best individual kernels.

Data Set | Classifier | Kernel [ Error of AUC (mean) Error of AUC (std.)

linear 0.2820 0.0175

RBF1 0.2923 0.0131

RBF2 0.2844 0.0118

RBF3 0.2915 0.0119

LSSVM POLY1 | 0.3223 0.0088
POLY2 | 0.3226 0.0109

POLY3 | 0.3183 0.0128
Clinical | 0.2126 0.0098

endometrial disease linear 0.2816 0.0192
RBF1 0.2971 0.0112

RBF2 0.2817 0.0098

VM RBF3 0.2877 0.0133
POLY1 | 0.3271 0.0141

POLY2 | 0.3214 0.0130

POLY3 | 0.3225 0.0135
Clinical | 0.2021 0.0084

best MKL classifier 0.2353 0.0133
linear 0.2410 0.0022

RBF1 0.1993 0.0042

RBEF2 0.2114 0.0029

RBF3 0.2182 0.0030

LSSVM POLY1 | 0.2637 0.0020
POLY2 | 0.2607 0.0023

POLY3 | 0.2593 0.0019

Clinical | 0.2301 0.0026

miscarriage linear 0.2781 0.0065
RBF1 0.2098 0.0029

RBF2 0.2272 0.0042

VM RBF3 0.2352 0.0037
POLY1 | 0.2771 0.0013

POLY2 | 0.2741 0.0023

POLY3 | 0.2713 0.0016

Clinical | 0.2441 0.0035

best MKL classifier 0.1975 0.0037
Iinear 0.1666 0.0118

RBF1 0.1763 0.0142

RBF2 0.1990 0.0146

. RBF3 0.2137 0.0170
Weighted LSSVM | porv | 02836 0.0154
POLY2 | 0.2639 0.0169

POLY3 | 0.2382 0.0180

Clinical | 0.1160 0.0092
pregnancy linear 0.1461 0.0074
RBF1 0.2127 0.0187

RBF2 0.2017 0.0254

. RBF3 0.1906 0.0221
Weighted SVM 1 by | 01478 0.0184
POLY2 | 0.1541 0.0204

POLY3 | 0.1594 0.0179

Clinical | 0.1601 0.0188

best MKL classifier 0.1165 0.0100
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Supplementary material 6 - Optimal weights assigned on each individual kernels in Experiment 4
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Figure 1: The kernel coefficients optimized on endometrial disease data set.
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Figure 3: The kernel coefficients optimized on pregnancy data set. Figure on the left shows coefficients of
weighted LSSVM MKL. Figure on the right are coefficients of weighted SVM MKL.
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Supplementary material 7 - The effect of cost function regularization parameter \ of LSSVM in
Experiment 4

To show the effect of A value in LSSVM MKL and weighted LSSVM MKL, we tried 21 fixed A values from
{2710 27929 210} For each fixed A value, we divide the data set into 3-fold and use two folds to train
the classifier and evaluate the performance on the other fold. In each repetition, we average the
generalization performance on the 3 folds. On each data set, we repeat 3-fold evaluation 20 times and the
mean values and standard deviations are plotted in the figure. As shown in Figure 4, 5, and 6, the \ value
significantly affects the performance of LSSVM MKL classifier. The optimal A value obviously depends on

data set so it is hard to predefine its value by “rule of thumb”.

0.33 T T T

—B— LSSVM Linf MKL
—O— LSSVM L2 MKL

Error of AUC

0.24 I I I I L I I I I

Figure 4: The performance of LSSVM MKL classifiers varied by various A values on endometrial disease
data set
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Figure 5: The performance of LSSVM MKL classifiers varied by various A values on miscarriage data set

=8 LSSVM Linf MKL fixed A
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Figure 6: The performance of Weighted LSSVM MKL classifiers varied by various A values on pregnancy
data set
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Supplementary material 8 - Experimental results using MKL algorithms based on other norms

We extended all the algorithms to other norms by adding a new free parameter (n for SOCP based
formulations, m for SIP based formulations). For each algorithm, we tried 5 new norm values (n=1.5,
1.3333,1.25,1.2, and 1.16667; n=3,4,5,6,7) on all the 4 biomedical experimental data sets. The performance
is shown from Table 4 to Table 7.

Table 4: Results of experiment 1 with other norms: prioritization of 620 disease relevant genes by genomic
data fusion

Error of AUC (mean) Error of AUC (std.)
Lo 0.0923 0.0035
Loo(0.5) | 0.0806 0.0033
Ly 0.0908 0.0042
Lo 0.0780 0.0034
Lis 0.0865 0.0046
L 3333 0.0889 0.0047
Lios 0.0903 0.0047
Lo 0.0912 0.0048
L1 1667 0.0919 0.0048

The error of AUC values is evaluated by LOO validation in 20 random repetitions. The best performance
(L2) is shown in bold. As shown, the performance of other norms is not comparable to the Lo one.

15



Figure 7: The optimal kernel coefficients of experiment 1 with other norms: prioritization of 620 disease
relevant genes by genomic data fusion

I‘1.2
o
o 13
I
1

I_1.1667

0

EST GO Interpro KEGG Motif Sequence MA1 MA2  Text

The Loo, Loo(0.5),L1, and Lo coefficients are already shown in the main manuscript. The coefficients of
other norms are presented here. As shown, when the norm of the dual problem is closer to 1 (the norm of
the regularization term in the primal problem is higher), the coefficients are more evenly distributed on
multiple kernels.
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Table 5: Results of experiment 2 with other norms: prioritization of prostate cancer genes by genomic data

fusion
Name Loo LOO(O5) L1 LQ L1v5 L1V3333 L1_25 L1v2 L1.1667 Endeavour
CPNE 0.3030  0.2323 0.1010 0.1272 0.1111 0.1111 o©.1111 0.1111 0.1212 -
31/100 24/100 11/100 13/100 12/10  12/10  12/10  12/10  13/10  70/100
CDH23 0.0606  0.0303 0.0202  0.0101 0.0202 0.0202 0.0202 0.0202 0.0202 -
7/100  4/100  8/100  2/100 3/10  3/10  3/10  3/10  3/10  78/100
EHBP1 0.5354  0.5152 0.3434 0.3939 0.3737 0.3636  0.3535 0.3535  0.3535 -
54/100 52/100  35/100 40/100 38/100 37/100 36/100 36/100 36/100 57/100
MSMB 0.0202 0.0202 0.0505 0.0303  0.0404  0.0505  0.0505  0.0505  0.0505 -
3/100 3/100  6/100  4/100  5/100  6/100  6/100  6/100  6/100  69/100
KLK3 0.3434  0.3535 0.2929 0.2929  0.3030  0.3030  0.3030  0.3030  0.3030 -
35/100 36/100  80/100  80/100 31/100 31/100 31/100 31/100 31/100 28/100
JAZF1 0.0505 0.0202 0.0202 0.0202 0.0202 0.0202 0.0202 0.0202 0.0202 -
6/100  3/100 3/100 3/100 3/100 3/100 3/100 3/100 3/100 7/100
LMTK2 0.3131  0.4646 0.8081 0.7677  0.7879  0.8081  0.8081  0.8081  0.8081 -
32/100 47/100  81/100  77/100 78/100 79/100 81/100 81/100 81/100 81/100
IL16 0 0.0101 0.0303 0.0101  0.0202 0.0303 0.0303 0.0303 0.0303 -
1/100 2/100  4/100  2/100  3/100  4/100  4/100  4/100  4/100  72/100
CTBP? 0.8283  0.5758 0.6364 0.6869  0.6667  0.6566  0.6465  0.6465  0.6465 -
83/100 58/100  64/100 69/100 67/100 66/100 65/100 65/100 65/100 38/100

To compare the performance, we show all the old results together with results obtained on other norms.

Obviously, the new norms do not bring any significant advantage in prostate cancer gene ranking. Only on
JAZF1 gene, the other norms have same ranking results with L; and Lo. For all the other genes, the
performance of other norms is not comparable to Li or L.
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Table 6: Results of experiment 3 with other norms: classification of patients in rectal cancer clinical decision
using microarray and proteomics data sets

LSSVM L 5 SVM L 5
14p 15p 16p 17p 18p 14p 15p 16p 17p 18p
24g | 0.0552 0.0487 0.0649 0.0779  0.0714 0.0877 0.0747 0.0909 0.0909 0.0942
25g | 0.0422 0.0325 0.0487 0.0519  0.0552 0.0682 0.0617 0.0779 0.0747 0.0779
26g | 0.0422 0.0357 0.0519 0.0617  0.0617 0.0682 0.0552 0.0714 0.0682 0.0682
27g | 0.0390  0.0455  0.0552  0.0552  0.0617 0.0714 0.0617 0.0747 0.0682 0.0682
28g | 0.0390 0.0292 0.0455 0.0552  0.0519 0.0682 0.0649 0.0714 0.0682 0.0682

LSSVM L 3333 SVM L 3333
14p 15p 16p 17p 18p 14p 15p 16p 17p 18p
24g | 0.0519 0.0487 0.0649 0.0779 0.0714 0.0812 0.0747 0.0812 0.0844 0.0844
25g | 0.0422 0.0325 0.0422 0.0519  0.0552 0.0649 0.0617 0.0747 0.0714 0.0714
26g | 0.0390 0.0357 0.0487 0.0584  0.0584 0.0649 0.0552 0.0714 0.0682 0.0682
27g | 0.0422 0.0422 0.0552 0.0552 0.0617 0.0682 0.0584 0.0714 0.0682 0.0682
28z | 0.0390 0.0292 0.0422 0.0552 0.0487 0.0617 0.0584 0.0682 0.0682 0.0682

LSSVM L 25 SVM L 25
14p 15p 16p 17p 18p 14p 15p 16p 17p 18p
24g | 0.0519 0.0487 0.0649 0.0779 0.0682 0.0779 0.0649 0.0747 0.0779 0.0812
25g | 0.0357 0.0325 0.0390 0.0487 0.0552 0.0649 0.0552 0.0682 0.0714 0.0714
26g | 0.0357 0.0357 0.0455 0.0455 0.0455 0.0584 0.0519 0.0682 0.0682 0.0682
27g | 0.0357 0.0390 0.0519  0.0552  0.0617 0.0682 0.0584 0.0714 0.0682 0.0682
28g | 0.0390 0.0292 0.0422 (0.0519 0.0487 0.0617 0.0584 0.0682 0.0682 0.0682

LSSVM Lj 5 SVM L1
14p 15p 16p 17p 18p 14p 15p 16p 17p 18p
24g | 0.0519 0.0487 0.0617 0.0779 0.0682 0.0779 0.0649 0.0747 0.0779 0.0812
25g | 0.0357 0.0325 0.0390 0.0487  0.0552 0.0649 0.0552 0.0682 0.0714 0.0714
26g | 0.0357 0.0357 0.0455 0.0552  0.0584 0.0649 0.0519 0.0714 0.0682 0.0682
27g | 0.0357 0.0390 0.0487 0.0552  0.0617 0.0682 0.0584 0.0714 0.0682 0.0682
28g | 0.0390 0.0292 0.0422 0.0519 0.0487 0.0617 0.0584 0.0682 0.0682 0.0682

LSSVM Ly 1667 SVM L1 1667
14p 15p 16p 17p 18p 14p 15p 16p 17p 18p
24g | 0.0519 0.0487 0.0617 0.0779 0.0682 0.0779 0.0617 0.0747 0.0779 0.0812
25g | 0.0357 0.0325 0.0390 0.0487 0.0519 0.0649 0.0519 0.0682 0.0714 0.0714
26g | 0.0357 0.0357 0.0422 0.0519 0.058/ 0.0649 0.0519 0.0714 0.0682 0.0682
27¢ | 0.0357 0.0390 0.0455 0.0519  0.0617 0.0682 0.0584 0.0714 0.0682 0.0682
282 | 0.0390 0.0292 0.0422 0.0519 0.0487 0.0617 0.0584 0.0682 0.0682 0.0682

The MKL classifiers based other norms perform well on the data in experimental 3, yielding the best
performance of all approaches (Error of AUC 0.0292). The performance is compared with Lo, Loo(0.5),
Ly, and Ly MKL using same number of selected genes and proteins (Table 6 in the main manuscript). For
the same number of genes and proteins, the best performance of all classifiers is shown in bold. The
second best one is shown in italic. Due to the large number of combinations of genes and proteins, we only
show the best 25 combinations in the table. The performance obtained in these 25 combinations is shown
as underlined. As shown, when using other norms, LSSVM MKL still performs better than SVM MKL.
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The performance obtained with these new norms is generally better than L., L1, and Lo norms.
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Table 7: Results of experiment 4 data set I with other norms: classification of endometrial disease patients
using multiple kernels derived from clinical data

Classifier Mean - error of AUC  Std. - error of AUC
LSSVM L. (0.5) MKL | 0.2353 0.0133
SVM L., (0.5) MKL 0.2388 0.0178
SVM L., MKL 0.2417 0.0165
LSSVM L, MKL 0.2456 0.0124
SVM L, MKL 0.2489 0.0178
SVM L; MKL 0.2513 0.0144
LSSVM L; MKL 0.2574 0.0189
LSSVM L., MKL 0.2678 0.0130
LSSVM L, 5 MKL 0.2427 0.0107
LSSVM Lq 3333 MKL 0.2446 0.0100
LSSVM L1 55 MKL 0.2466 0.0114
LSSVM L, , MKL 0.2475 0.0115
LSSVM L1 1667 MKL 0.2477 0.0142
SVM L; 5 MKL 0.2360 0.0082
SVM L 3333 MKL 0.2375 0.0081
SVM L; 05 MKL 0.2373 0.0085
SVM L; .o MKL 0.2368 0.0086
SVM L1 1667 MKL 0.2369 0.0089

The A parameter of LSSVM MKL classifiers are estimated jointly in MKL. The C parameter of SVM MKL
is set to 1.
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Table 8: Results of experiment 4 data set II with other norms: classification of miscarriage patients using
multiple kernels derived from clinical data

Classifier Mean - error of AUC  Std. - error of AUC
SVM L, MKL 0.1975 0.0037
LSSVM L, MKL 0.2002 0.0049
LSSVM L., (0.5) MKL | 0.2027 0.0045
SVM L., MKL 0.2109 0.0040
SVM L. (0.5) MKL 0.2168 0.0040
LSSVM L; MKL 0.2132 0.0029
SVM L; MKL 0.2297 0.0038
LSSVM L., MKL 0.2319 0.0015
LSSVM L, 5 MKL 0.1892 0.0081
LSSVM Lq 3333 MKL 0.1921 0.0096
LSSVM L1 55 MKL 0.1906 0.0074
LSSVM L, , MKL 0.1927 0.0080
LSSVM L1 1667 MKL 0.1882 0.0064
SVM L; 5 MKL 0.2116 0.0050
SVM L 3333 MKL 0.2102 0.0042
SVM L; 05 MKL 0.2091 0.0056
SVM L; .o MKL 0.2077 0.0038
SVM L1 1667 MKL 0.2093 0.0040

The A parameter of LSSVM MKL classifiers are estimated jointly in MKL. The C parameter of SVM MKL
is set to 1.
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Table 9: Results of experiment 4 data set III with other norms: classification of PUL patients using multiple
kernels derived from clinical data

Classifier Mean - error of AUC  Std. - error of AUC
Weighted LSSVM L, MKL 0.1165 0.0100
Weighted LSSVM L; MKL 0.1243 0.0171
Weighted LSSVM L, (0.5) MKL | 0.1290 0.0206
Weighted SVM L, MKL 0.1499 0.0248
Weighted SVM L., MKL 0.1552 0.0210
Weighted SVM L, (0.5) 0.1551 0.0153
Weighted SVM L; MKL 0.1594 0.0162
Weighted LSSVM L, MKL 0.1651 0.0174
Weighted LSSVM L 5 MKL 0.1086 0.0067
Weighted LSSVM L1.3333 MKL 0.1076 0.0069
Weighted LSSVM L; 25 MKL 0.1068 0.0070
Weighted LSSVM L; o MKL 0.1112 0.0129
Weighted LSSVM L 1667 MKL 0.1099 0.0100
Weighted SVM L; 5 MKL 0.1244 0.0152
Weighted SVM L 3333 MKL 0.1213 0.0107
Weighted SVM L; o5 MKL 0.1234 0.0109
Weighted SVM L, o MKL 0.1228 0.0141
Weighted SVM L1.1667 MKL 0.1199 0.0137

The A\ parameter of LSSVM MKL classifiers are estimated jointly in MKL. The C' parameter of SVM MKL
is set to 1.
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