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High-Dimensional Feature Selection Algorithm for Lung Tumors Based on Informa-
tion Gain and Neighborhood Rough Set
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Abstract: Aiming at the influence of excessive redundant and unrelated attributes on the diagnosis of lung
tumors and the fact that Pawlak rough set is only suitable for dealing with discrete variables and causing a
large loss of original information, a high-dimensionality of lung tumors with mixed information gain and
neighborhood rough set is proposed. The algorithm first extracts the 104-dimensional feature structure
decision information table of 3 000 CT images of lung tumors. With the information gain result, the high
correlation feature subset is selected, and the high redundancy attribute is eliminated by the neighborhood
rough set. The optimal feature subset is obtained through two attribute reductions. Finally, the support
vector machine optimized by the grid optimization algorithm is used to construct the classification

recognition model to identify the benign and malignant lung tumors. The feasibility and effectiveness of the
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method are verified from the two aspects of reduction and classification, and compared with the non-
reduction algorithm, Pawlak rough set, information gain and neighborhood rough set reduction algorithm.
The results show that the accuracy of the hybrid algorithm is better than other comparison algorithms, the
accuracy is 96.17%, and the time complexity is effectively reduced. It has certain reference value for
computer-aided diagnosis of lung tumors.

Key words: information gain; neighborhood rough set; support vector machine; lung neoplasms; feature

selection
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Fig.5 Flow chart of forward greedy algorithm
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Pawlak  {c1,c2,c3,c4,c6,c11,c12,¢16,¢19,c20,c21,c22,c24,c25,c27,¢36,¢37,¢38,¢39,¢43,c45, 1

RS cd6,c47,¢50,c51,¢56,¢57,¢59,¢60,c64,c72,¢74,¢76,¢77,c82,¢85,¢86,¢90,c95,c98,c99}
{c1,c2,¢5,¢36,c37,c38,c39,c40,c41,c42,cd4,c45,c46,c49,c50,c¢51,¢52,¢53,¢54,¢55,¢56,
1G ¢57,¢58,¢59,c61,c62,c63,c64,c65,¢66,c67,c68,¢69,c70,c¢71,c72,¢74,¢75,¢76,¢77,c78, 61
¢79,¢80,c81,¢82,c83,c84,¢85,¢87,¢88,¢89,¢90,c91,¢92,¢93,¢94,¢95,¢96,¢97,c98, 100}
NRS {c1,c2,c3,c4,c12,c28,c37,c43,c46,c47,c55,¢56,¢60,c61,c63,c70,c73,c74,c86,¢87,c89, 03
¢99,¢100}
{c1,¢2,5,¢37,c38,c39,c42,c46,c49,c50,c51,¢52,¢53,¢55,¢56,¢57,¢59,¢61,¢62,¢63,c64,

IG-NRS 39
¢65,¢66,¢69,c70,c72,¢74,¢c75,¢79,¢83,¢85,¢87,¢88,¢89,¢92,¢95,¢96,c98,c100}
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Table 3 Comparison of classification results by different algorithms

T X KEWRE/ WURPE/ RStk
LA R SR /s
(=RPEA N - y y y F1i MCC  FlScore  Youden 18] /s

length) of different reduction algorithms

1 93.00 91.67 94.33 09291 0.8603 0.9300 0.8600  258.520 9
2 96.17 94.33 98.00 0.9610 0.9240 0.9617 0.9233  262.402 9
3 95.17 95.67 94.67 09519 09034  0.9517 0.9033  263.297 6
SVM 4 96.50 95.67 97.33 09647 09301 0.9650 0.9300  259.020 5
5 98.00 96.67 99.33  0.9797  0.960 3 0.980 0 0.9600  287.3655
ARk 95.77 94.80 96.73  0.9573 09156 0.957 7 0.9153  266.121 5
1 91.33 90.67 92.00 09128 08267 0.9133 0.826 7  103.6356
2 95.67 94.00 97.33 0.9559 09138  0.9567 0.9133  108.4212
Pawlak 3 95.33 95.67 95.00 0.9535 0.9067  0.9533 0.906 7 92.429 4
RS-SVM 4 96.33 95.33 97.33 0.9630 0.9269  0.9633 0.926 7 96.925 1
5 98.00 96.67 99.33  0.9797 0.960 3 0.980 0 0.9600  100.656 5
-2 95.33 94.47 96.20  0.9530  0.906 9 0.953 3 0.906 7 100.413 6
1 93.83 91.33 96.33 0.9368 08778  0.938 3 0.876 7 83.656 8
2 95.83 95.00 96.67  0.9580 09168  0.958 3 0.916 7 83.758 7
IG-SVM 3 96.33 96.00 96.67 0.9632 09267  0.9633 0.926 7 87.776 5
4 96.67 96.67 96.67 0.9667 0.9333 0.966 7 0.933 3 89.170 3
5 97.33 96.67 98.00 0.9732 09468  0.9733 0.946 7 84.3959
S-HME 96.00 95.13 96.87  0.9596  0.9203  0.9600 0.920 0 85.751 6
1 93.50 92.67 94.33 09345 08701 0.9350 0.870 0 80.852 7
2 95.17 93.33 97.00  0.9508  0.9039 0.9517 0.903 3 67.1727
NRS-SVM 3 95.67 95.33 96.00 0.9565 09134  0.9567 0.913 3 65.589 7
4 97.00 95.67 98.33  0.9696  0.9403 0.970 0 0.940 0 69.191 3
5 98.17 97.33 99.00 09815 0.9635 0.9817 0.963 3 69.048 6
- 95.90 94.87 96.93  0.9586  0.9182  0.9590 0.918 0 70.371 0
1 94.17 91.67 96.67 09402 0.8844 0.9416 0.883 3 58.558 5
2 95.17 93.33 97.00  0.9508 0.9039 0.9517 0.903 3 57.996 7
3 96.33 95.33 97.33  0.9630 09269  0.9633 0.926 7 60.605 6
IG-NRS-SVM
4 97.17 96.67 97.67 09715 09434 0.9717 0.943 3 62.214 1
5 98.00 96.67 99.33  0.9797  0.960 3 0.980 0 0.960 0 72.1770

Rk 96.17 94.73 97.60 0.9610 09238 0.9617 0.923 3 62.310 4
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Fig.7 Comparison of classification accuracy of

different algorithms
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Table 4 ROI Regions of pulmonary tumors with fifth-fold cross classification error in different algorithms
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