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A feature interaction based MIFS algorithm for medical diagnosis
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2 School of Advanced Technology, Xi‘an Jiaotong—Liverpool University, Suzhou Jiangsu 215000, China)

[ Abstract] MIFS algorithm and its improved algorithms adhere to the idea of " maximum correlation and minimum redundancy” to
select features in medical diagnostic data sets, which pay attention to the relevant information and the redundant information, but do
not consider the interaction information. In order to emphasize the role of Interaction information, Feature Interaction Based MIFS
Algorithm (MIFS-FI) is proposed. MIFS-FI algorithm achieve " maximum correlation” , and the redundant features are almost
removed and the interactive features are nearly retained. Secondly, it effectively solves the problems of parameter uncertainty and
correlation— redundancy incomparable in MIFS algorithm. Finally, the MIFS—FI algorithm and seven other feature selection methods
based on mutual information are compared to 14 medical diagnosis datasets, and the results show that the MIFS -FI algorithm
outperforms the others in terms of classification accuracy, recall , Fscore and classification accuracy.
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TR FRIEZ B TUA R D RRAE £ 1
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Fig. 1 Relation of mutual information, interactive information and

entropy between the two features and categories
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Tab. 1 MIFS-FI algorithm flow
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10. F = F - |f}
11. Else
12. AR OT) WA — MR £, e F RRRAERFS)
13. End If

14.  End For
15, SEHRFIER R IR /) IMARHIE T3 S v IFAERE
TELE F rp BRI AR

16.End While

4 £ I
4.1 HIEESHIERNLE

ARSCHEI 14 A58 T B 712 W i B £ ok 3 ik
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FI Matlab 045 g, JCA 13 A 5250 50408 4 5k F1 36 =
I I2ERR S R B A ) UCT Bl e | 14 AN Bdii 4R
AREAAN R R RO AN RO R 2,
®2 HIR&KHHIA
Tab. 2 Description of the dataset

UG/ S FEAKL MR JOi etk
WDBC 569 32 2 D,
Lung Cancer 32 56 2 D,
Heart Disease 270 13 2 D,
Cervical cancer 858 36 2 D,
Lymphography 148 19 4 Dy
HCV 615 11 4 Dy
High—resolution ovarian cancer 216 4 000 2 D,
Arrhythmia 452 279 16 Dy
Bone marrow transplant: children 187 39 2 D,
Dermatology 366 33 6 Dy,
Hepatitis 155 19 2 Dy,
Horse Colic 368 27 2 D,
Primary Tumor 339 17 3 Dy,

Risk Factor prediction of

202 28 2 Dy,

Chronic Kidney Disease

2 PRE SR A LB AN R R L (R
R AR SOR PSR A XA A 5 G (L A 5 B 4R
PATHAMNS A — L B, «,,, RoR v, H— 125
frEAS, 2 (17)

— i Tmin (17)

x max min

Horbr, o, R 0 AR 2, FOREEAR T 7
IME 5%, RASFEAR I RORAE

U — A B A A T PR A Y A A SR
4.2 IFLEFHENBIMEE TN ERR

R IEA SCHR B (MIFS-FI) i %5tk , 5 7
ML T B AR B AR S  HE AT XS L 28, 3% 7
iy 125 43 0 o AR R B KRR I % £ 55 1 (Mutual
Information Maximum, MIM) T H A5 B AR IE %
P 5 ( Mutual Information Feature Selection
MIFS) | #& K A 5% f& /b 90 & 5 % ( Minimal
Redundancy Maximum Relevance, mRMR) 25417 &
B AF 32 BB 7% ( Conditional Informative Feature
Extraction, CIFE) JETHMIEA 058 &KLY
iE3% & 77 1 ( Feature Selection based on Fuzzy Joint
Mutual Information Maximization, FIMJM) . shZ&5%84k
FRIEPEPEE 7 ( Dynamic Change of Selected Feature,
DCSF) FURFHEAZ B fie KA I Rf HE 28 £ 75 ¥ ( Feature
Interaction Maximization , FIM) ,

Horp MIM 506 R 2% 18 TR EAR G R 5k MIFS
5% .mRMR 595 [ CIFE 835 (DCSF k%8 T4

inew
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Tab. 3 Comparison of algorithm construction

EmAY EEFENAM ORGP REEU

ik SH RTRITAT TR S (5
MIM 553 = & — i
MIFS 5k g = g i
mRMR %7k = = = i
CIFE 53k b b 1 i
DCSF 7% = 2 2 B
FIM 5% b= E — 2
FIMIM %3 & % — =
MIFS-FI Hik & 2 2 2

H T BP B2 X 4% 43 290K5 B &, B LA 58 F S
NP RSt WS SRS B N T R 2 gy
J5 IR AR SCE FH BP il 228 0 26 5 0 A8 0 285 91 o K
e 2 R AIE 0 T AR, L O A o A 2o A R
(ACC) F, T8ECAA 4
43 XBERS5HHH

S T A RRIE BB R IR PR AR E A A
SVRRAE 9 30% , BP 4t 48 W) 2% (1) 32 AR R B BN

1 000,27 2] R B E A 0.02, BUE 147 16 4k 30 A
-0.5~0.5 Z[a], R4 Z i pBFFE al 0 MIFS Hik 5
MIFS-U H3E i S EOBUETE 0.5~ 1 Z 0], ik E
REAR G , AR SCRF X AN RLIE I SN 0.5, MIFS-
FI B35 7 M ELE 14 ADNEESE LAY/ 2k %
el 4 FroR  Hrb o AR FRORFRIEBE BRI 5, DAk
PRI RUER 2, K 4 AT AL 7E 14 dUB0 4R
b ARSCHE A MIFS -FI BE AR T 7 FhARRAF BE £
FIE I eI 2 — EL AR 5 = KT, e il
TE D, XA E 4/ IMEABHE 4R T MIFS-FI S35 7E 77
eSO = R ES B NS 2 RISl e - BT

14 MR F | F5 5043 DR L3 4 0
5, WAE R ZHEARAE L A SO 8 H 9 MIFS-
FI BEARR T HAD 7 #0450 F, 850 A3 0] 3R 51
5o MIFS—FI B3k 7E 14 HEHRLE I F, $550% MIM
B 0.133 2, %8 MIFS 9% 44750.120 1, %%
mRMR %5 3 V-2 5 0.143 4, % CIFE B
0.096 4, % FIMJM 5715 0.057 1,% FIM 5k
F34155 0.041 6, %8 DCSF 8973415 0.032 1; MIFS-
FIBLTE 14 AEWRSE L E BRE MIM B L35 5
0.113 4, % MIFS %15 0.105 8, % mRMR &
P41 0.098 9, %8¢ CIFE 5 FH1 5 0.071 7, %
FIMJM 23 -3 55 0.046 0, 88 FIM 83 7 2 5
0.048 3,%¢ DCSF 535 F-#415 0.031 6,

R
(d) #d4E D,

HEIRHE 450
(e) Btk Ds

TEFE R EL

(f) BHm4E Ds
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HERf %
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PR A4 AR R B
(j) BHELE D, (k) B4 D, () G EED,
1.
0.
0.
0.
0.
Y
& .
0.3
0.
0. FI
SEFRIOHEAE K RS
(m) i&’ﬂﬁ%nn (ll) M‘}EQ‘;DH

E 4 1440M8URE EARRHEEES EERE

Fig. 4 Accuracy of different feature selection methods on 14 datasets
R4 UAHEELNF, E
Tab. 4 F, score on 14 data sets

F 8
MIM MIFS mRMR CIFE FIMJM FIM DCSF MIFS-FI
D, 0.682 0.762 0.853 0.718 0.785 0.830 0.832 0.869
D, 0.771 0.854 0.812 0.631 0.771 0.864 0.861 0.878
D, 0.723 0.784 0.734 0.815 0.883 0.815 0.862 0.896
D, 0.674 0.715 0.714 0.862 0.810 0.820 0.845 0.853
D; 0.823 0.781 0.737 0.850 0.864 0.881 0.871 0.908
Dy 0.773 0.762 0.621 0.704 0.801 0.827 0.897 0.883
D, 0.684 0.743 0.783 0.762 0.761 0.782 0.786 0.857
Dy 0.633 0.706 0.643 0.721 0.771 0.882 0.819 0.872
D, 0.791 0.812 0.784 0.843 0.886 0.823 0.863 0.901
Dy 0.763 0.722 0.731 0.809 0.895 0.868 0.842 0.865
Dy, 0.827 0.741 0.822 0.861 0.784 0.879 0.878 0.916
Dy, 0.756 0.823 0.814 0.814 0.872 0.863 0.883 0.921
Dy 0.761 0.721 0.736 0.812 0.897 0.794 0.832 0.879

Dy, 0.743 0.784 0.813 0.811 0.783 0.852 0.842 0.864
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Tab. 5 Recall rate on 14 data sets
T [
e
MIM MIFS mRMR CIFE FIMJM FIM DCSF MIFS-FI
D, 0.743 0.762 0.801 0.810 0.805 0.823 0.862 0.893
D, 0.823 0.814 0.762 0.741 0.783 0.815 0.851 0.881
D, 0.760 0.792 0.754 0.785 0.753 0.765 0.812 0.843
D, 0.824 0.705 0.814 0.812 0.790 0.783 0.875 0.862
Dy 0.831 0.801 0.781 0.790 0.838 0.826 0.881 0.873
Dy 0.840 0.831 0.776 0.821 0.877 0.828 0.814 0.906
D, 0.724 0.673 0.681 0.736 0.835 0.865 0.846 0.896
Dy 0.783 0.812 0.731 0.875 0.866 0.859 0.846 0.873
Dy 0.804 0.791 0.763 0.823 0.846 0.864 0.853 0.913
Dy, 0.716 0.732 0.681 0.794 0.826 0.826 0.852 0.872
Dy, 0.843 0.792 0.782 0.872 0.831 0.881 0.872 0.891
Dy, 0.736 0.814 0.820 0.792 0.862 0.826 0.843 0.901
Dy, 0.756 0.734 0.741 0.824 0.893 0.846 0.822 0.841
Dy, 0.729 0.762 0.821 0.817 0.846 0.813 0.825 0.851

N T BE PR R S A R AR SO T
YRR AR L3 6, R R 2 IR ise . e

AR A H,y , FRFREE IR 5 FORE N Z W T i 2
x6 HEREMHRILER
Tab. 6 Significance test results of the algorithm

PE2SR, p = 0.05 FRiEZEBIE, p < 0.05 Fmib
ot J AR .

g/ e S MIM MIFS mRMR CIFE FIMJM FIM DCSF MIFS-FI
D, 0.242 2 0.6112 0.510 3 0.614 5 0.214 4 0.252 1 0.565 8 0.743 3
D, 0.032 6 0.312 1 0.4113 0.311 4 0.423 0 0.424 1 0.061 1 0.665 6
D, 0.262 1 0.584 3 0.265 1 0.261 1 0.416 0 0.224 1 0.651 6 0.756 3
D, 0.352 3 0.422 3 0.624 1 0.266 1 0.522 3 0.688 1 0.755 1 0.836 5
Ds 0.035 4 0.531 4 0.325 1 0.452°5 0.422 6 0.654 2 0.526 5 0.623 1
Dy 0.064 4 0.023 5 0.354 1 0.354 1 0.751 1 0.2253 0.463 2 0.893 2
D, 0.013 5 0.034 1 0.1355 0.245 3 0.181 3 0.741 1 0.324 1 0.741 2
3 0.321 4 0.210 6 0.613 0 0.423 3 0.259 1 0.286 4 0.623 4 0.655 3
D, 0.512 7 0.342 6 0.753 3 0.821 3 0.296 3 0.542 1 0.265 4 0.462 6
Dy, 0.154 3 0.351 5 0.632 3 0.544 2 0.547 3 0.354 8 0.4210 0.454 2
Dy, 0.235 6 0.562 3 0.429 3 0.396 2 0.816 3 0.582 4 0.675 4 0.843 4
Dy, 0.861 2 0.763 1 0.561 3 0.664 1 0.823 1 0.645 7 0.263 4 0.764 2
Dy, 0.623 4 0.732 6 0.264 3 0.001 3 0.356 0 0.442 8 0.712 3 0.561 6
Dy, 0.626 1 0.342 4 0.545 4 0.054 2 0.423 1 0.382°5 0.655 6 0.845 3
5 stiE SE FNTCARIG AHSCTIUA AT LY i ), O H B 1 28
HAFBAETCARI AR T, 3 100 A8 52 I KA G B4

ARSCHE T —Fh 3 T HRAE2C B/ MIFS 5.3
Bl MIFS - FI 2%, 104

MIFS—FI 255 e 7 MIFS 253 th U A0 2 50N i

HR T BRI 2

W B0

[ IRF A B SHeMI e R S8 B AR/ NTUAR o
SER SRR AR R UERR A | F 18 BOR A 1]

FRETT T L MIFS=FI Sk AR L 7 FhE T 545 B AY



55

THA, &, EIFISW L —Fh I TREERC B A MIFS Bk 139

R AR RR A T ILAL A, JU AR
T 5 2/ IVREAS B 48 I, MIFS — FT 380925 19 43 2 i 1
F R 2R, H P $8 50 A 173840,
FEXT i T H BRI B 1k

MIFS-FI 5k A7 7 — 2ol o, 24 52 BA5 B 7R
TOARAE B EL AR H N R LT, & S 80T
ARIAR K, TUARTI 1) ZR B0 AN 2151 7T 4 700 FHAH
RIFHIVER , T RE 23l 5 280 AH 2¢ K HIT AR /iy e
TEREABR . BT B2 W8 (2 Wi br Z W A2 7E
BRI H A, ARl MIFS-F1 5k 1 T RRAE
PERERT I A X RGO . A0 Ak B
MRS I, nTRESATAE LAk ),

Sk

[1] #Eal. FE TR BIS AHLEE 24 > 5 12 B ik i AT 9 5 58
B[D]. Fint: M T RY:,2021.

(2] Z=3R3E, Mhalom , Bomt, . JRAFE R kiR (7], RN TR
51 ,2019,55(24) :10-19.

(3] MJE 2 W0, Jo i, 55, FRIEE R r ik iR iR [T]. T
253K, 2022,39(3) : 1-8.

[4] &L BETEBIRNA W HMERBERIEME[D]. K& &
MK ,2022.

[5] ZE3CHE, BOACHE, IMEL . 36 T 38 A7 BIR A FRAE 2B B 500k
[J]. REHRMF2A,2021,39(4) 545-558.

[6] WRZMm, &8. I35 T FF 28 B 5 0E 52 A e r 250k [T ).
ALY HIFGE,2021,38(4) :1051-1057.

[7] BTG, S04k B, 2R E AL, 55, LT XA & PR = B 38 BLAH
BRRHEFAERBE R T]. R IR (A RAL RS TR
RIR) ,2021,54(2) :214-220.

[8] BATTITI R. Using mutual information for selecting features in

supervised neural net learning [ J ]. IEEE Transactions on neural

networks, 1994, 5(4) . 537-550.

[9] KWAK N, CHOI C H. Input feature selection for classification
problems[ J]. IEEE transactions on neural networks, 2002, 13
(1):143-159.

[10]PENG H, LONG F, DING C. Feature selection based on mutual
information criteria of max — dependency, max — relevance, and
min—redundancy [ J|. IEEE Transactions on pattern analysis and
machine intelligence, 2005, 27(8) : 1226-1238.

[11]ESTEVEZ P A, TESMER M, PEREZ C A, et al. Normalized
mutual information feature selection [ J]. IEEE Transactions on
neural networks, 2009, 20(2): 189-201.

[12]ZHANG P, WANG X, LI X, et al. EEG feature selection based
on weighted — normalized mutual information for mental fatigue
classification [ C ]//2016 IEEE International Instrumentation and
Measurement Technology Conference Proceedings. IEEE, 2016.
1-6.

[13]JHU L, GAO L, L1Y, et al. Feature—specific mutual information
variation for multi — label feature selection [ J ]. Information
Sciences, 2022, 593, 449-471.

[14]LIN X, LI C, REN W, et al. A new feature selection method
based on symmetrical uncertainty and interaction gain [ J ].
Computational Biology and Chemistry, 2019, 83 107149.

[15] BENNASAR M, SETCHI R, HICKS Y. Feature interaction
maximization[ J]. Pattern Recognition Letters, 2013.34 (14),
1630-1635.

[16] SALEM O A M, LIU F,SHERIF A S, et al. Feature selection
based on fuzzy joint mutual information maximization [ J ].
Mathematical Biosciences and Engineering, 2021, 18(1): 305-
327.

[17] WAN J, CHEN H, YUAN Z, et al. A novel hybrid feature
selection method considering feature interaction in neighborhood
rough set[ J]. Knowledge—Based Systems, 2021, 227 107167.

[18] GU X, GUO J. A feature subset selection algorithm based on
equal interval division and three—way interaction information[J].
Soft Computing, 2021, 25. 8785-8795.

(L4555 130 11)

[4] BLUM A, DWORK C, MCSHERRY F, et al. Practical privacy:
The SuLQ framework [ C ]// Twenty — Fourth ACM Sigmod —
Sigact— Sigart Symposium on Principles of Database Systems.
ACM.2005.128-138.

[5] 2y, Mg R E, 55, 220 BAARY k—means T M5
[J]. HEEHLRLE 2013,40(3) :287-290.

[6] RABR M. BT 20 ALY ) DP-DBScan IS
[J]. HEHL TR S5R2£,2015,37(4) :830-834.

[7] ME4, RE. ETREEHI LR 122 50 B AR S k-means++
RAGILMITLT]. A5 BIM% %42 ,2019(2) :43-52.

[8] ABHIE , RAAME, XIFNIG , 45, T 22 70 AL PR 3P i 1 R 28 T ik
[J]. FFFEHLRH ,2018,38(10) :2918-2922.

(9] w¥i, M, RyRsR. 2T 220 AR Y DPk-medoids 2R84
LT IR 5% % 2017, 27(10) - 117-120,125.

[10]DWORK C,MC SHERRY F,NISSIM K, et al. Calibrating noise
to sensitivity in private data analysis[ C]//Proceeding of the 39"
Theory of Cryptography Conference.New York: ACM Press,2006;
363-385.

(LR R R, X2, 45, JE T 25 0 B ALY K-means B350 1L
WFIELR [ 1], HHAHLRLF ,2022,49(2) ; 162-173.



