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I Proof of Theorems

Consider a Sequential Forward Selection algorithm where a
candidate feature X,,, is selected such that the Mutual In-
formation (MI) between X,,, and label C' given the selected
feature subset (.S) is maximized:

X = argmax {J(Xm) == I(Xm;C|S)}, (A.1)

XmeX\S
To estimate the high-order conditional MI I(X,,,; C|S), ex-
isting methods often make assumptions on the probability
distribution of features to decompose the I(X,,; C|S) into
a series of low-order MI quantities. Two typically sets of
assumptions are: Feature Independence Distribution (FID)
assumption and Geometric Mean Distribution (GMD) as-
sumption.

In Appendix we prove Theorem [T under the FID as-
sumption, and Appendix|[[.B] Theorem 2|under the GMD as-
sumption. Furthermore, in Corollary [T|and 2] we show that
existing methods from Table [I] of the manuscript can be de-
rived based on the two assumptions and these methods differ
only in the order parameters used.

I.A Proof of Theorem Under FID

First, we re-describe the math notations and the FID assump-
tion. Given selected features S and a candidate feature X,,,
let S, C S contain k (0 < k < |S|) randomly selected fea-
tures from S. Define a trial feature set T' = X,,, U S and its
subset T}, = X,,, U S;_1 where the first feature is X,,, and
the remaining k — 1 features are from S; Ty = .

Feature Independence Distribution (FID) The FID as-
sumption states that S and X, are independent and class-
conditionally independent at order k (0 < k& < |S|):

pT\TTy) ~ ] p(XlTh),  (A2)
X, €T\T,

p(T\Ti|Ty, C) =~ ] »(XilTh,C).  (A3)
X, €T\T},

where we use ~ to denote “asymptotic” equality, in the sense
that Eq. (A.2)) and (A.3) will become exact when k = |S|.
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Note that FID is a generic case of several feature dis-
tribution assumptions used in literature, because it restores
these assumptions by simply setting k to different values.
When £ = 0 (i.e., (), FID becomes the feature
1ndependence and class condltlonal independence assump-
tions, that have been used in (Balagani and Phoha 2010;
Brown et al. 2012):

p(Xm.S)~ ] p(x (A.4)
X,eT

P(Xm, S|IC) ~ ] p(xilC). (A.5)
X;eT

When k£ = 1, the following assumptions are restored (Bala-
gani and Phoha 2010; [Brown et al. 2012)):

p(SIXm) ~ ] p(XilXm) (A.6)
X;eS

p(81Xpm, C) = [] p(XilXm,C). (AT
X;eS

When k& = 2, Eq. (A.2)) is equivalent to the one used in (Vinh
et al. 2016):

p(S|Xom) = p(X;]Xon) H

Xi€8\X;
where X is any feature in S. Here we have used the proba-
bility chain rule p(S|X,,) = p(X;| Xm)p(S\X;|X0m, X;).
Theorem 1. Under the FID assumption of order k, the ob-
Jective function J(X,,) in Eq. is equivalent to:

k
Tein (Xm) ~ Y I(X;CIT) + > (X4 C|Ty),
i=1 X, €T\T},

(A9)
where Ty = { X4, -, Xy, , } and Xy, = Xy, and ~
denotes “equivalent to”. More generally, consider different
values of k in Eq. (A.2) and (A.3), denoted as ki and k
respectively; the objective function J(X,,) is equivalent to:

k1
TEp? (Xm) ~ Y H(Xy | Tia)+ Y H(X|Ty,)
i=1 X;€T\Ty,
ko
=Y H(X|Tie,C) = > H(X|Ti,, C).
i=1

X; €T \Ty,

(A.10)



Proof. Based on the probability chain rule,

k1
DX, ) = (prm 1>>p<T\Tk1|Tkl>. A1)

i=1

Substituting p(T" \ Tk, | T}, ) using Eq. (A.2) yields

k1
p(XmaS) = HP(Xti\Tifl) H p(Xi|Tk1)'
i=1 X €T\Ty,
(A.12)
Thus,
H(X,.,S) = ZH (Xe|Ti)+ Y H(Xi|Ty,).
i=1 X;€T\Ty,
(A.13)
Similarly, based on Eq. (A.3)), we obtain
ko
H(X, S|C) =Y H(X,|Ti1,C)+ > H(Xi|Ty,, O).
i=1 X; €T \Ty,
(A.14)
AS (X3 CIS) = H(Xn, S) — H(Xpn, S|C) — 1(8;C),

and I(S;C) is a constant for a given S and C,
[(X1n:C|S) ~ H(Xm, S) — H(Xpm,S|C).  (A.15)

Substituting Eq. (A.T3) and (A.T4) into (A.T3) yields (6).

When k1 = ky = k, we assume T}, = T}, = T},. Then we
have H(Xy,|Ti—1) — H(X,|Ti—1,C) = I(Xy,;C|T;y)
and H(X;|Ty) — H(X;|Ty,C) = I(X;; C|Ty,). Thus Eq.
(6) becomes (A.9). O

In Theorem [I} we have derived a set of methods based
on the FID assumption, with the objective function defined
by Eq. (A.1I0). In the following, we show that by varying
the values of k; and ks, in Eq. (A.I0), we can recover the
objective functions of three existing MI based methods.

Corollary 1. JS’I% is equivalent to the Mutual Information
Maximization (MIM) criterion (Lewis 1992)):

Jé’l% is equivalent to the Mutual Information Feature Selec-
tion (MIFS) criterion with 3 = 1 (Battiti 1994):

JFl‘i(])Z) (Xm) ~ Jmifs (Xm) = I(Xm§ O)_B Z
X;eS
(A.17)
JI}J&) is equivalent to the Conditional Informative Feature
Extraction (CIFE) criterion (Lin and Tang 20006):

Tein (Xm) ~ Jeige(Xom)
=T X3 C) = Y I(Xs Xi) + Y I(Xo; X41C).
X,eS X; eS8
(A.18)

Proof. When ky = ko =k =0, T}, = (. Thus
Tein(Xm) ~ Y 1(X3C).

X;eT

(A.19)

I(Xom; X5);

As D x.csI(Xi;;C) is a constant for a fixed S,

When k; = 1 and ks = 0, Ty, = X, and T}, = 0. Thus

Teih ~ H(Xpn) + Y H(Xi[Xn) = Y H(X,|C)
X;eS8 X, €T
(A.20)
As >y, es H(X;|C) is a constant for fixed S and C,
1,0
X;eS
It is true that H(X,,) — ( m|C) = I(X,;C); and
H(X;| X)) = H(X;) —I(X,n; X;), where H(X;) is a con-
stant for a fixed X;. Thus
Toih ~ I(Xm; €)= > I(Xi; X)), (A22)
X; €S
When /{11 = k‘g =1, Tkl = Tk2 = Xm. Thus,
Tpip(Xm) = 1(Xm: O) + D (X501 X,m).  (A23)
X;€S

As I(Xl, C|Xm) = I(XZ, C) —I(XZ, Xm) +I(X1, Xm‘C)
and I(X;; C) is a constant for a given X; and C,

Tein (Xom) ~ I(Xom; C)= Y I(Xi; Xon)+ Y 1(Xi; X|C).
X;ES X;eS

(A.24)

O]

In Corollary |1} we have shown that the MIM, MIFS and
CIFE methods are all based on the FID assumption, and dif-
fer only in the order £ used. We now proceed to the cases of
GMD assumption.

I.B Proof of Theorem Under GMD

We first re-describe the math notations and the GMD as-
sumption. A k-combination of a set S is a subset of £ dis-
tinct elements of S. The number of k-combinations of the

set S is equal to the binomial coefficient (‘S ‘) = %

We denote the iy, k-combination of S as S,i and all the
possible k-combinations of S as Sy. Thus S,i € Sy, where
. s

L<i< ().

Geometric Mean Distribution (GMD) The GMD as-
sumption states that the (class-conditional) probability den-
sity function of a candidate feature X,, given the selected
features S is equal to the geometric mean of the (class-

conditional) probability density function of X,, condition-
ing on any k (0 < k < |S|) features in S

\é\
P(Xm|S) = ( [T »(xm |sk>(”,

(A.25)
Siesy
)
p(Xom|S, ) < I p(Xulsi,C ) (A.26)
Si €Sy,



Theorem 2. Under the GMD assumption, the evaluation
criterion of a candidate feature X,,, shown in Eq. (A1), is
equivalent to:

—_

Jémxmw@ > (X5 C1S}).
k SiESk

More generally, we consider different values of k in Eq.

and (A.26), denoted as ki and ko respectively. The
objective function J(X,,) is equivalent to:

=2

(A.27)

Jeais (Xm) ~ H(Xm|Sk,)

k1 s;leskl
‘ (A.28)
- > H(Xw|Si,, 0).
(kz) .S’}'QGS;€2
Proof. 1f Eq. @I) holds (with & = k1):
H(X,,|8) = (T > H(XnlS). (A.29)
ki/ 8} €Sk,
If Eq. (A:26) holds (with k = k»):
H(X,,|8,C) = > H(Xn|Si, C). (A30)
( ) SkZES’W

Substituting Eq. (A.29) and (A.30) into I(X,,;C|S)

H(X,,|S) — H(X,,|S,C) yields (A.28). When k1 = k
k, H(X,,|S}) — H(X,,|S},,C) = I(Xm; C|S}). Thus Eq.
becomes O

In Theorem 2} we have derived a set of methods based on
the GMD assumption, with the objective function defined
by Eq. (A28). By varying the values of k1 and ks, we can
recover four existing MI based methods as below.

Corollary 2. J&?AD is equivalent to the Mutual Information
Maximization (MIM) criterion (Lewis 1992)):

J&I?/ID(Xm) ~ Jmim(Xm) = I(Xm§ C); (A30D)

Jé’&D is equivalent to the Minimum-Redundancy
Maximum-Relevance (MRMR) criterion (Peng, Long,
and Ding 2005):

1

T80 (Xim) o~ Jmmr (X} = 1(Xoms O) =g 3 1(Xoms Xo);

X,€8
(A.32)
J(l;’l\l/[D is equivalent to the Joint Mutual Information (JMI)
criterion (Yang and Moody 1999; Meyer, Schretter, and Bon-
tempi 2008)):

Jéyl\l/ID(Xm) ~ iji(Xm)
= 1(Xm; C) — |S| D (X Xi)

X;€8 X;€8

(A.33)

|S| > (X X:|C);

Jé’l\l/[D is equivalent to the Relaxed Minimum-Redundancy
Maximum-Relevance (RMRMR) criterion (Vinh et al. 2016)):

Jg;’l%{D(Xm) ~ errmr(Xm)

=I(Xpm;C) — S > I(Xm; Xi) S > I(Xm; Xi|C)
181 &2 EF2
- BT X, L G %1,

X;€8 X;€8\x,
(A.34)

Proof. When ky = ko = k = 0, (li‘) = land S, = {0};
thus

T (Xm) ~ I(Xpm; C). (A35)
When k1 = 1 and ky = 0, (ls‘) = |S| and Si, = S.
Thus,
T ~ > H(Xm|X;) — H(Xm|C).  (A36)
|S | s
As H(X|X;) = H(Xm) — (X X5),
o ~ H(Xm) > I(Xpm; Xi) — H(X|C).
|S | s
(A.37)
Substituting H(X,,)— H(X,,|C) with I(X,,; C) yields Eq.

Whénm:/@:k:1

TR ~ = ST (X ClX). (A38)
1S £
Substituting I(X,,; C|X;) with I(X,,; C) — I( X3 X5) +

I(X.n; X;|C) yields Eq. (A.33).
When k1 = 2 and kg =1,

X €S X;€8,j>1i

Z H(Xm|X;,0).

‘S|Xes
(A.39)
ASH(Xm\XmX‘): H(Xp| X5, Xi),
XESX €S\X;
(Xm| X, C).
si Xz;s |
(A.40)
A HOGX 35) = HOGX) = (s 150,
Xe, X;e8
(X X511 X5).
NEER ZZW )
(A41)
Substituting  H(X,,|X;) — H(Xn,|X;,C)

I(Xm; C1X) = I(Xp; C) — I(Xn; Xi) + 1(Xom; X

into Eq. (A:41) yields Eq. (A:34).

Ol



Algorithm 1 Sequential Forward Selection (X, C, K)

Initialize S « 0.
Initialize y[m] < 0, for each m from 1 to | X|.
while |S| < K do
Ymax < 0; idx < —1.
for m from 1 to | X | do
| if X, isnotin S then
y[m] < I(Xm; C|S), or [(X,,; C|S).
if y[m] > Ymax then
Ymax y[m]
idx < m.
Adding X4, to |S].
return S.

TRYRIDINL RN

—_—

In Corollary @ we have shown that the MIM, MRMR,
JMI and RMRMR methods are all based on the GMD as-
sumption, and differ only in the order % used.

II Supplementary Methodology

In this section, we describe the Sequential Forward Selection
algorithm for feature selection. We also provide the C++ and
Python source codes of the methods used in this study in the
supplementary material (Source_Code.zip file).

Given a supervised learning task with feature vector X
and class label C, the goal of MI or VI based feature selec-
tion methods is to search for a subset of K features (.5) such
that the MI or VI between S and C' is maximized. Sequen-
tial Forward Selection (Kittler 1986; Pudil, Novovicova, and
Kittler 1994) is a class of greedy methods that selects a can-
didate feature X, at a time such that the MI (or VI) between
X, and C' given the selected feature subset (S) is maxi-
mized. The high-level idea of the Sequential Forward Se-
lection algorithm is shown in Algorithm[I] By replacing the
I(X,,;C|8) or [(X,,; C|S) in linewith different approx-
imations derived from the AMD, GMD and FID assump-
tions, we can obtain various feature selection methods (12
in total) used in the main manuscript.

III Supplementary Experiments

In this section, we provide more details for Section E] Ex-
periments and additional experiments that compare the pro-
posed methods under Arithmetic Mean Distribution (AMD)
assumption against existing methods in literature.

III.LA Additional Comparison of Probability
Distributions

We select the Isolet dataset as an example to further illustrate
the effectiveness of each probability distribution assumption
in Fig. The convergence plots show that when varying
the number of selected features from 1 to 100, the methods
based on the AMD and GMD assumption generally gener-
ate much lower classification error rates than the methods
based on the FID assumption. Furthermore, the convergence
curve of the AMD-based method is better than (under) that
of the GMD-based method. These results further support our
findings in the main manuscript that:
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Figure Al: Classification error rates of SVM or KNN on the
Isolet dataset when using the features selected by the meth-
ods based on the FID, GMD and AMD assumptions. The
horizontal axis represents the number of selected features
(|S]). The vertical axis represents the mean error rates é.

1. The AMD and GMD assumptions can potentially reduce
the estimation bias of the FID assumption;

2. By fixing the unnormalized probability density issue, the
AMD assumption can potentially select more informative
features than the GMD assumption.

III.LB Additional Comparison of Order £ in
Probability Distributions

In this subsection, we present additional experimental re-

sults to illustrate the effects of order k£ on the performance

of feature selection methods. These results include:

1. the plots of classification error rates generated by the
methods with different order % (Figure [AZ)).

2. the convergence curve of methods with different order &
on a selected dataset (Figure[A3)).

3. the CPU running time of methods with different order &

(Figure[Ad).
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Figure A2: The effects of the number of conditional features (k) on the performance of feature selection methods. The clas-
sification errors of JS\E&D’ Ji’l&D, Ji’l\lm and Ji’l\l/m are shown in top figures; and those of J&&D, Jé’&D, Jé’l\lAD, and Jé’l\l/m
are shown in bottom figures. The horizontal axis represents the indices of data sets (d), and the vertical axis represents mean

classification error rates (€) generated by KNN or SVM when using the features selected by each method.

Note that to generate the plots in Figure [A2]and [A4] we sort ings are shown in the last row of each table. We observe
the classification error rates produced or CPU running time that the methods based on the AMD assumption are very
used by each method on the 29 datasets in ascending order competitive against the methods based on GMD and FID.
for better visualization purpose. Thus the dataset index in Furthermore, the VI-based method j&MD and the MI-based
these plots may not match the true dataset index in Table 2] method Jii\l/[ 1 achieve overall the best ranking among the 12
of the manuscript. However, the detailed classification error methods we have considered in our framework. In the next
rates of each method on each dataset can be found in Ta- subsection, we will compare j}x up and Jil\l/ID against other
ble[Alland competitive methods that are not covered by our framework.
From Figure [A2] and [A3] we can observe that the per-
formance of AMD and GMD based methods generally im- III.LD Additional Comparison Between the AMD
proves as k increases from 0 to 2. These results are con- Based Methods and Other State-of-the-arts

sistent with our findings in the main manuscript. However,
Figure[A4]show that the CPU running time of these methods
also increases as k increases.

In this subsection, we presented additional experimental re-
sults on the comparison between the AMD-based methods
(JAup and Ji’l\l/[D) against other competitive methods. The
detailed SVM and KNN classification error rates generated

IIL.C ~ Comparison Between 12 Methods Based on by each method are presented in Table [A3] and [A4] respec-

AMD, GMD and FID tively. The last row of the tables lists the average ranking
In this subsection, we systematically compare the perfor- of each method. The results show that the MI and VI based
mance of the 12 MI and VI based methods that use the methods under the AMD assumption achieve overall the best
AMD, GMD or FID assumptions with different order k. The and second best average ranking compared to 5 other state-
detailed SVM and KNN classification error rates for each of-the-art methods. It confirms the efficacy of the AMD as-
method on each dataset are shown in Table [AT] and re- sumption in terms of selecting informative features for real-
spectively. We also rank the 12 methods on each datasets world feature selection tasks.

based on their classification array rates and the average rank-
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Figure A3: The classification error rates of SVM or KNN when using the subset of features selected by 1) Jg’&D, J}US[D, J;l\lm,
Ji’l\l/m (top figures) and 2) Jg’f/m, J(l;’f/[D, Jé’l\lﬂD, Jé’l\l/m (bottom figures) on the Isolet dataset. The horizontal axis represents
the number of selected features (|.S|). The vertical axis represents the mean error rates € when using the selected features in the

classification task.
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Figure A4: The CPU running time (in seconds) of the methods based on geometric mean and arithmetic mean assumptions
with different number of conditional features. The horizontal axis represents the indices of the data sets d, and the vertical axis

represents the running time ¢.
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Table A3: The comparison between the AMD based methods against other competitive methods in terms of the SVM classifica-
tion error rates (mean =+ std %). The statistically significantly best error rates are highlighted in bold. The last row (7) computes

the average ranking of each method across the datasets.

Data  JAup T MRI SPECeM CMIM Trace SPEC

di 200+1.63  290+223 192+ 1.64 3134220  110+173  2.92+231 19.06 + 5.02
d>  383+077  382+086  400+081 4164094  396+081  537+144 574+ 1.50
ds 7354250  9.04+2.90 1029 +4.03 12744359 928+348  20.66+ 10.06 27.63 +8.75
di 1924210  299+283 4124369 10.62+9.17 2224298 18.05 + 14.31  34.86 + 14.49
ds 12774415  16.14+455 1086+3.87 1561 +479 18.69+453 1820+474  19.66 + 8.21
ds 616105  551+112  550+116 558+1.08  657+122  637+103 640+ 1.13
dr  983+473  11.07+499 18414553 36344753 1595+6.12 281941520 2561 +9.75
ds 1648 +2.24 1667+212 1620+238 1637+199 1646+238 1622+2.13  16.96 +2.30
doy 14864292 12374174  17.07+234 17514254 12994172 12714200 1320+2.14
dio  858+343  1209+420 1416+498 2422+944  1138+459 2233+698  46.56 & 13.45
din 5734046  552+051 5714049 5754048  570+£047  539+049 1820+ 13.63
diz 16524099 1650 +1.00 16564+ 122 17504268 1671 +1.09 1787 +1.78 2421 +9.15
dis  1.85+227 1144146  097+126 262+196 1284213  295+2.14 2270+ 10.87
dia 4204159  382+137 4274143  5114+165  455+152  11.53+£4.69 943 +4.20
dis 504041032 4634+10.17 53.67+801 52184910 4892+ 1071 43.33+10.34 61.40 +8.35
dis 3764218  3.59+202  454+258 9474642  486+242  11.68+567 2664 +9.22
diz 2196 +779  2470+7.51 28474742 30554751 2687+697 3536+6.16 6588 +9.51
dis  878+442  620+3.66  9.19+428 2086+ 1024 540+3.94  1537+11.32 18.54 +8.35
dig 15874267 14924250 14544235 1458+240 1471+239  1642+252  19.00 +5.28
do  13.41+429 17234523 21224684 24004991  1443+480 2473 +10.66 2221 + 12.69
da 24934299  2604+3.09 23244312 2355+292 2463+3.13 24124317  27.53+3.69
d»  005+035  005+£034  002+019 001+016  004+030  030+088  7.92+10.40
dys 1656 +£220 1624+239  1659+2.19 16594221  1648+224  1838+340 21.11+274
dos 12164057 12114059 12114062 12094061  12.05+0.63 1243 +0.57  19.02 +9.61
dys  894+4.65 13944611 15434526 23324611 1241+576 2358+647 3627+ 12.56
de  6.54+458  612+319  656+289 12594579 922+396  1420+£7.09  54.54 +8.09
dyr 2574106  251+£122  267+1.17 509+18  181+095  379+263  9.56+506
des 15814062 15894066 1579+0.66 1576+0.67 15854076 1591 +085 17.89 +1.36
dg 601167  474+1.67 5314180 537+170  425+1.66  427+1.67 574+ 1.68

7 2.58 2.34 2.86 4.24 272 4.82 6.52




Table A4: The comparison between the AMD based methods against other competitive methods in terms of the KNN classifica-
tion error rates (mean =+ std %). The statistically significantly best error rates are highlighted in bold. The last row (7) computes

the average ranking of each method across the datasets.

Data  JAup T MRI SPEComt CMIM Trace SPEC

di 258+1.88 338+226  407+273 410+£253  221+180 453+255  2236+483
d  471+088 5024092  490+091 498+099  509+099 578+1.37 646+ 147
ds  807+331 9.65+2.89 10.87 £3.07 14.07+3.30 9.89+288 2455+ 10.04 3637 +9.24
di  0.64+070 094 +0.82 140+ 1.11  443+£346 0904 1.08  1041+9.32  21.23+10.12
ds  853+327 1031+£359 11.05+3.64 12314+403 1080+3.76 14.16+4.08  29.86 +6.36
ds  682+138 7.14+128  655+130 656+136  620+1.29 680+1.33 773+ 149
dr 15524+520 1413+£5.02 1834+556 42.10+7.67 1770+ 563 21.68+8.14  31.80 £ 8.10
ds  19.80 £2.53 21.08+226 19.89+232 19544232 20.18+231 20.66+230  20.20 +2.32
do 1414 £221 13674193  13.60+236 14.004+2.10 1333+2.01 1392+203  13.58+ 191
dio 1576 £3.77 18.03+3.73  2390+3.84 32.38+847 19.64+4.05 27.83+495 59454923
din 4484060 497+1.63  402+085 393+058  496+094 5354130 16.75 + 13.03
diz 1459+ 143 1428 +134 1456+ 137 15444296 1490+ 1.58 1622 +2.58  22.47+9.43
dis  053+1.03  091+131 027+0.74 306+206 070+ 1.16 297+192  27.17+8.17
dia 4914152 503+1.59  475+154 5524187 536+ 161 13404500 1129 +4.44
dis 45574974 40.08+1041 4699 +8.64 47.64+847  47.12+9.80 4345+11.06 6322+ 11.26
dig 581+235 580+232  734+284 14684568 678+280 1694+572  28.72+6.16
di7  2823+7.32 2822+697 29.10+594 33174706 29094691 3229+6.60  70.08 +6.36
dis 1748 +£548 14.19+4.07 20684375 33.674+9.16 14.06+4.36 2592+ 11.38 3127 +6.51
dig 1001 +£2.20 12.19+259 1007 +£2.00 1031+2.09 10354+221 14314256 1923 +7.63
do 1486 +510 18.67+6.69  22.574+822 25564 11.62 1559 +550 27.21+ 1225 2572 + 14.04
di 1508 £2.65 1525+274  1603+£256 16.65+255 15514264 15224273  17.95+425
d2  043+£1.06 027 £0.81 0.66+1.30 048+1.08  092+1.60  0.07 +0.42 10.26 + 12.58
des 20234266 20.60+248 1990 +2.62 19914262 2048+252 21.14+292 2239 +2.89
dos 2289 +4.82 2321+478 23074476 23.024+472 23.17+4.83 22954356  29.75+4.63
dys 1753 +4.80 2083+547 25384536 30754416 21234500 3429+424 4561 +8.81
de  28.57 £4.68 21.44+423  2945+451 25264524 39794500 20.71+428 5810 +5.03
dyy 4304162 421+1.62  427+146 633+£228  253+157 4994286 16.06 + 7.81
dos 22304157 2218 +148 22254 1.49 22244149 2222+ 144 2221+142 2575+ 1.63
d  5.05+1.65 429+1.54  408+1.52 4.08+151  448+149 425+151 418+ 138

7 2.41 2.65 3.00 4.17 3.03 4.62 6.31
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