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Abstract

Early screening and stratified diagnosis of colorectal cancer (CRC) face challenges from gene ex-
pression data characterized by “small sample size, high dimensionality, and strong redundancy”.
Without altering the core philosophy of Manifold Sparse Group LASSO (MSGL), this paper proposes
Adaptive Weighted MSGL (AW-MSGL) to achieve stable classification with a smaller, interpretable
subset of genes. The method introduces data-driven group weights (w;) to suppress co-expression

redundancy; preprocessing employs F-score combined with KMeans to automatically construct
modules; and optimization utilizes Accelerated Proximal Gradient (APG). On CRC microarray da-
tasets (including an independent test set), AW-MSGL achieves comparable or superior accuracy
with significantly fewer genes while maintaining consistency in the biological interpretation of key
genes. This framework offers a data-driven tool for lightweight deployment and the discovery of
interpretable biomarkers in CRC.
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Table 1. Overview of cancer datasets
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Figure 1. Bar chart of F-score gene ranking
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Figure 2. Gene expression heatmap of KMeans clustering
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Figure 3. Trend of classification accuracy under varying numbers of features
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PRC #4749 100.00%. X%t MSGL A e R i B2 R HHRVER RN, b medy @t B iz A S5 18 E PR
SEE MR . MR, RIVRLIIXTHT77%: SGL HIHERIR N 94.10% PRC N 94.20%, (K
T MSGL. ixebst o fIR 7 MSGL fEALER m 4k . AR /N AR () 35 DR 20 50808 P P P A T e 37 i
H2 Wilcoxon #F5#A55%:, MSGL 5 SGL Z [MtERe % 5 HA G245 (P < 0.05), UEPEREIRTIIE

AEBENLIRZ .
TERURYE CRC Bn g, FHIEERILHIZR 23 T R AV F B Rk B RRELS R R H Tk
L 3,

WRIRTEE G VIL (CAT)# %8 5E N4 B (CRCO)H B Rt X7, LR I S o 22 Mg o A Rl
PREE S AHE . qPCR. Western blot 59 201k 0 7k, CRC A% CA7 11 mRNA 55 [ R EEART
T R 2 PR [25]. AL b, BRPRIEF B SR R (BLE CAT)Z 54N pH F2 25 4%, FEnT el ki
M AN —— X RS CHAE L e 1228, B - B LEMT) 5 R ki®[26]. (RRL
CA7 5 MRt e . WhEE5 . AL SRS, FERE S 0 58 50 i Jo s AR A7 5 Bk A A
WAL HAE CRC HRTREME . £ B h SRR PURI: CAT Tl 5 M8 £ 0 A RTUS R, $2
7~ CAT 15 B W TE AL e o BA ORST B IR 0 E I [27]. BRI, CAT7 BB AT el AR pH 4% JF
SR IR (5 5 B RIS IR B R . X USRI CAT N B R s R AR I S A IR, BLR
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CRC M7 2 HIAT A 2B AR 4

Table 2. Performance comparison of feature selection methods on cancer datasets

2. BEERIERIHERES AR EEERTEE

Jiid R F1 MCC AUC PRC P-value (vs MSGL)
GSE9348
MSGL 100.00% 100.00% 100.00% 100.00% 100.00%
GL 92.35% 91.50% 89.20% 94.50% 93.00% 0.008
SGL 94.10% 92.75% 91.50% 95.10% 94.20% 0.032
FL 89.85% 89.00% 87.80% 91.75% 91.00% 0.004
LASSO 90.50% 90.30% 88.90% 93.20% 92.80% 0.015
P {HIE Wilcoxon fF 5T INTHE AR, FTHLEI& 7% MSGL IITEREZE . P <0.05 £nZEF A GG

Table 3. Representative genes identified by feature selection in sporadic colorectal cancer datasets

3. A MESERERREET BRI HEE R R KR EE

B A EiNEE)) FE4 B (CRC)H ¥ 5B D B AF I (Key Functional Role in CRC)
KLF4 Kriippel-like factor 4 Wb EMT 5 STAT3 S5 MR E T HGinEd.
SEMA3E Semaphorin 3E PLXNDI ffiifd; @it PI3K/AKT @B EMT 5%,
NHEJ1  3ERIJEARSERERE T 1 (XLF) DNA &5 ¥ @id NHEJ il A2 AL 7 i 25

Kriippel-like factor 4 (KLF4){E 45 H 179 (CRC) H K AE MR I E FH o S54RI IEH R ARG, R 41 2:
Hiff) KLF4 RE 5 W, HAGRE S0, TNM 2. SAaEm i EsEsse, MBELHE=
X [28]. KLF4 3@t 2 P A FEBUIR 20N, 45 H 45 & B-catenin $IHH] Wnt 15576, LA cyclin
D1 35 M55 S 40 M & JUIRE T . PG . thAh, KLF4 Al 30 st & [R5 80 8 A L, f# p-catenin
e TR, b D H S5 E0E M Wat B EIL. BOETFAUE R, KLF4 B n] i@ $E M RAB26 I H
WSk I5E CRC RIALITHURE, VR S-5URMENE(S-FU)NZG (I BNLH] . R Ahseib R, KLF4 id 3%
IEAT B LC3-TT (AR RS BN R, JEAE 5-FU ACEE NI Inn i -(29]. tbah, Ba b 4nfes KLF4
(iR 2 3 B AT LT RS 38 I 5 (R 9 45 5 B S s, SRR LTE4E RS DR AR e . iR g AL [
37 KLF4 7E CRC R . 34k 5697 S SR % i) &S Hh AT

REOAFKGR R 3 (PTX3)VEL Bk B, H5RBEMIBEITALARBUGHK, ¥ PTX3
AP TS TR ) TNM 2030 bR 2% 8% DA S B o R AR AR A7 RS ARG, B D CRC S T Tl
JE YRR EDRIVEF[30]. FETIREIZTH, PTX3 I8k 1 S s R 5 rh M2 FF BRI AR Ab 55 G $ i) 3
PERAE R B R, W HEsh feE bi&[31]. HLRIBFF SR, #f] PTX3 AT i IL-10. TGF-B %58 4
REPNHIA T HIRIE, FFRDFE T 410 (Tregs) 554, MImIBsRyUbR k. Hah, 7E4E i
R PTX3 6@ T3 48 & A EE(MMP2. MMP9) UL K471 NE-B {5 518 B V1 S 4001 200 i 185 57
TR E22E(32]. PRANSCIRTNMIESE, YIER PTX3 AePRRMR A K 55 RE, R HAE CRC #EH 1)
REEEME . IR R I PTX3 AL AR S % 45 (K D88 A I LA K. CRC T (E IR T HE 25 o

3.2. KBSt

Wi 4 B, MSGL {E4S B W (CRO) R SZINASE FBARRILE R . B AE T Wil F s 2% A
N, BONEYH B E R E RS N, MSGL fE Accuracy. Fl-score. MCC. AUC 5 PRC 845 L Fr4E
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WA BT R4 R, AR BRI Z AR ) 5 &1 . 7E GSE8671 #dii4k I, MSGL %3#k T GL.
SGL. FL 55 LASSO. #HItZ~, GL 5 FL fEZ #iEbr L IRIANXN#L85; LASSO fEMEmZE L AA —%
SR, (HAEEE M FIFEbR(W MCC 5 AUC) LA & MSGL. SATTF, MSGL fEMA. CRC WA ZAF T
JEBLH AR 2 2V RE S AR R, A T HOR B R A . A2 AL DR AE R

Table 4. Performance of feature selection methods on independent test sets

4. MDA E AR E SRR RE

Jiid HERf 2 F1 MCC AUC PRC P-value (vs MSGL)
GSE8671
MSGL 93.50% 93.80% 90.20% 95.00% 95.30% -
GL 86.10% 85.60% 80.30% 87.50% 86.80% 0.006
SGL 88.60% 87.40% 83.80% 89.70% 89.00% 0.028
FL 83.40% 83.00% 77.90% 85.10% 84.30% 0.003
LASSO 85.00% 84.80% 80.50% 86.90% 86.20% 0.012
¥ PAEEE Wilcoxon fF SRR THE A H, T AR TS MSGL MPEREZE . P <0.05 RonER AGSI3E

4. R ERFKTIIE

BT Se “ AR /b HW] e i 2 D T SR SEELAR E 70287 BRI AT 1) H A, St LT BCR A 4 R Ak
B2 SJHESE(MSGL). FATLALE L7 (CRC) AL Lo F 37 5 R IF IR AIE . J7 W50 1 U 5 2 s it 155 1
ZiEr, Z0EEE AR 1) AR T LART S5 A4 I I B A 2 R SO AL A0 oK . AR SR 2 e S W03 i (1 15
T, TR RE A sy @ SR, 3R T d . 23 RS SE BoR, MSGL LA,
D B D SIS LB 2 i) 70 26k e, IR IR BB AIZ AL SRR 7T, 1E & Al R A3 S

SEAHEZRRIL t, 2 AR AR E FUAL BB B 5 ORI 36 2 0L B (W 2R e AU« AR TARRE 8K
NFIFRT B EH B E G NS, 35 T Holle (AR 5 2 LR 2 A A5e Rl & b, %
HESE I R EIR LM AR B T F S T B 40 RNA-seq #i#ls, A it — PR T HAE RS R = i i vl 7
Ve A=A AT R

S CHk
[1] Tibshirani, R. (1996) Regression Shrinkage and Selection via the Lasso. Journal of the Royal Statistical Society Series
B: Statistical Methodology, 58, 267-288. https://doi.org/10.1111/1.2517-6161.1996.tb02080.x

[2] Biihlmann, P. and Van De Geer, S. (2011) Statistics for High-Dimensional Data: Methods, Theory and Applications.
Springer Science Business Media.

E5i
]

[3] Li, Q. (2023) A Comprehensive Survey of Sparse Regularization: Fundamental, State-of-the-Art Methodologies and
Applications on Fault Diagnosis. Expert Systems with Applications, 229, Article ID: 120517.
https://doi.org/10.1016/j.eswa.2023.120517

[4] Frank, L.E. and Friedman, J.H. (1993) A Statistical View of Some Chemometrics Regression Tools. Technometrics, 35,
109-135. https://doi.org/10.1080/00401706.1993.10485033

[5] Meinshausen, N. and Biithlmann, P. (2006) High-Dimensional Graphs and Variable Selection with the Lasso. The Annals
of Statistics, 34, 1436-1462. https://doi.org/10.1214/009053606000000281

[6] Xu,J. and Ying, Z. (2008) Simultancous Estimation and Variable Selection in Median Regression Using Lasso-Type
Penalty. Annals of the Institute of Statistical Mathematics, 62, 487-514. https://doi.org/10.1007/s10463-008-0184-2

[71 Fan,J. and Li, R. (2001) Variable Selection via Nonconcave Penalized Likelihood and Its Oracle Properties. Journal of’
the American Statistical Association, 96, 1348-1360. https://doi.org/10.1198/016214501753382273

DOI: 10.12677/acm.2026.1631167 3605 Il PR 2 2 3t


https://doi.org/10.12677/acm.2026.1631167
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1016/j.eswa.2023.120517
https://doi.org/10.1080/00401706.1993.10485033
https://doi.org/10.1214/009053606000000281
https://doi.org/10.1007/s10463-008-0184-2
https://doi.org/10.1198/016214501753382273

[18]

[19]

[20]

[21]

[22]
(23]

[26]

[27]

(28]

[29]

Biihlmann, P., Meier, L. and Zou, H. (2008) Discussion of “One-Step Sparse Estimates in Nonconcave Penalized Like-
lihood Models” by H. Zou and R. Li. The Annals of Statistics, 36, 1534-1541.

Zou, H. (2006) The Adaptive Lasso and Its Oracle Properties. Journal of the American Statistical Association, 101, 1418-
1429. https://doi.org/10.1198/016214506000000735

Lin, Z., Xiang, Y. and Zhang, C. (2009) Adaptive Lasso in High-Dimensional Settings. Journal of Nonparametric Sta-
tistics, 21, 683-696. https://doi.org/10.1080/10485250902984875

Yuan, M. and Lin, Y. (2007) Model Selection and Estimation in the Gaussian Graphical Model. Biometrika, 94, 19-35.
https://doi.org/10.1093/biomet/asm018

Zhang, C. (2010) Nearly Unbiased Variable Selection under Minimax Concave Penalty. The Annals of Statistics, 38,
894-942. https://doi.org/10.1214/09-a0s729

Breheny, P. and Huang, J. (2011) Coordinate Descent Algorithms for Nonconvex Penalized Regression, with Applica-
tions to Biological Feature Selection. The Annals of Applied Statistics, 5, Article No. 232.
https://doi.org/10.1214/10-a0as388

Tian, G.L., Tang, M.L., Fang, H.B., et al. (2008) Efficient Methods for Estimating Constrained Parameters with Appli-
cations to Regularized (Lasso) Logistic Regression. Computational Statistics & Data Analysis, 52, 3528-3542.
https://doi.org/10.1016/j.csda.2007.11.007

Adeli, E., Li, X., Kwon, D., Zhang, Y. and Pohl, K.M. (2020) Logistic Regression Confined by Cardinality-Constrained
Sample and Feature Selection. IEEE Transactions on Pattern Analysis and Machine Intelligence, 42, 1713-1728.
https://doi.org/10.1109/tpami.2019.2901688

Liang, Y., Liu, C., Luan, X., Leung, K., Chan, T., Xu, Z., et al. (2013) Sparse Logistic Regression with a L1/2 Penalty
for Gene Selection in Cancer Classification. BMC Bioinformatics, 14, Article No. 198.
https://doi.org/10.1186/1471-2105-14-198

Xu, Z., Zhang, H., Wang, Y., Chang, X. and Liang, Y. (2010) L 1/2 Regularization. Science China Information Sciences,
53, 1159-1169. https://doi.org/10.1007/s11432-010-0090-0

Zou, H. and Hastie, T. (2005) Regularization and Variable Selection via the Elastic Net. Journal of the Royal Statistical
Society Series B: Statistical Methodology, 67, 301-320. https://doi.org/10.1111/.1467-9868.2005.00503.x

Zou, H. and Zhang, H.H. (2009) On the Adaptive Elastic-Net with a Diverging Number of Parameters. The Annals of
Statistics, 37, Article No. 1733. https://doi.org/10.1214/08-a0s625

Tibshirani, R., Saunders, M., Rosset, S., Zhu, J. and Knight, K. (2004) Sparsity and Smoothness via the Fused Lasso.
Journal of the Royal Statistical Society Series B: Statistical Methodology, 67, 91-108.
https://doi.org/10.1111/1.1467-9868.2005.00490.x

Yuan, M. and Lin, Y. (2005) Model Selection and Estimation in Regression with Grouped Variables. Journal of the
Royal Statistical Society Series B: Statistical Methodology, 68, 49-67. https://doi.org/10.1111/].1467-9868.2005.00532.x

Friedman, J., Hastie, T. and Tibshirani, R. (2010) A Note on the Group Lasso and a Sparse Group Lasso.

Ma, Z., Guan, X., Liu, Y. and Shao, W. (2024) Identification of Essential Plasma Protein Using Manifold Regularized
Sparse Group-Lasso for Prediction of Alzheimer’s Disease. Displays, 81, Article ID: 102578.
https://doi.org/10.1016/j.displa.2023.102578

Chen, X., Pan, W., Kwok, J.T. and Carbonell, J.G. (2009) Accelerated Gradient Method for Multi-Task Sparse Learning
Problem. 2009 9¢h IEEE International Conference on Data Mining, Miami Beach, 6-9 December 2009, 746-751.
https://doi.org/10.1109/icdm.2009.128

Yang, G.-Z., Hu, L., Cai, J., et al. (2022) Prognostic Value of Carbonic Anhydrase VII Expression in Colorectal Carci-
noma. Frontiers in Immunology, 13, Article ID: 1051353.

Svastova, E., Hulikova, A., Rafajova, M., et al. (2004) Carbonic Anhydrase XII Is a Membrane-Bound Hypoxia-Induc-
ible Protein beyond Carbonic Anhydrase IX. Journal of Biological Chemistry, 279, 23433-23441.

Kondo, H., Yamada, D., Fujii, S., ef al. (2018) Reduced Expression of Carbonic Anhydrase VII in Gastric Cancer: Its
Association with Differentiation and Prognosis. Histopathology, 72, 987-997.

Parenti, S., Montorsi, L., Fantini, S., Mammoli, F., Gemelli, C., Atene, C.G., et al. (2018) KLF4 Mediates the Effect of
5-ASA on the B-Catenin Pathway in Colon Cancer Cells. Cancer Prevention Research, 11, 503-510.
https://doi.org/10.1158/1940-6207.capr-17-0382

Zheng, Y., Wu, J., Chen, H., Lin, D., Chen, H., Zheng, J., et al. (2023) KLF4 Targets RAB26 and Decreases 5-FU
Resistance through Inhibiting Autophagy in Colon Cancer. Cancer Biology & Therapy, 24, Article ID: 2205253.
https://doi.org/10.1080/15384047.2023.2226353

Zhang, J., Wang, T. and Niu, X. (2016) Increased Plasma Levels of Pentraxin 3 Are Associated with Poor Prognosis of
Colorectal Carcinoma Patients. The Tohoku Journal of Experimental Medicine, 240, 39-46.

DOI: 10.12677/acm.2026.1631167 3606 I A [ 2 3k


https://doi.org/10.12677/acm.2026.1631167
https://doi.org/10.1198/016214506000000735
https://doi.org/10.1080/10485250902984875
https://doi.org/10.1093/biomet/asm018
https://doi.org/10.1214/09-aos729
https://doi.org/10.1214/10-aoas388
https://doi.org/10.1016/j.csda.2007.11.007
https://doi.org/10.1109/tpami.2019.2901688
https://doi.org/10.1186/1471-2105-14-198
https://doi.org/10.1007/s11432-010-0090-0
https://doi.org/10.1111/j.1467-9868.2005.00503.x
https://doi.org/10.1214/08-aos625
https://doi.org/10.1111/j.1467-9868.2005.00490.x
https://doi.org/10.1111/j.1467-9868.2005.00532.x
https://doi.org/10.1016/j.displa.2023.102578
https://doi.org/10.1109/icdm.2009.128
https://doi.org/10.1158/1940-6207.capr-17-0382
https://doi.org/10.1080/15384047.2023.2226353

LIV ERIA

https://doi.org/10.1620/tjem.240.39

[31] Chen, F.W., Wu, Y.L., Cheng, C.C., Hsiao, Y., Chi, J., Hung, L., et al. (2024) Inactivation of Pentraxin 3 Suppresses
M2-Like Macrophage Activity and Immunosuppression in Colon Cancer. Journal of Biomedical Science, 31, Article No.
10. https://doi.org/10.1186/s12929-023-00991-7

[32] Li,M, Hu, Y., Wang, J., Xu, Y., Hong, Y., Zhang, L., ef al. (2023) The Dual HDAC and PI3K Inhibitor, CUDC-907,
Inhibits Tumor Growth and Stem-Like Properties by Suppressing PTX3 in Neuroblastoma. International Journal of
Oncology, 64, Article No. 14. https://doi.org/10.3892/ij0.2023.5602

DOI: 10.12677/acm.2026.1631167 3607 Il PR 2 2 3t


https://doi.org/10.12677/acm.2026.1631167
https://doi.org/10.1620/tjem.240.39
https://doi.org/10.1186/s12929-023-00991-7
https://doi.org/10.3892/ijo.2023.5602

	面向结直肠癌的几何感知结构稀疏特征选择(AW-MSGL)：以更少可解释基因实现稳定分类
	摘  要
	关键词
	Geometry-Aware Structured Sparse Feature Selection for Colorectal Cancer (AW-MSGL): Stable Classification with Fewer Interpretable Genes
	Abstract
	Keywords
	1. 介绍
	2. 实验设计与方法
	2.1. 数据集说明
	2.2. 基于F-Score的特征初选
	2.3. KMeans聚类促进特征多样性
	2.4. 流形稀疏组LASSO (MSGL)模型
	2.5. 自适应组权重的MSGL (AW-MSGL)
	2.6. 优化算法

	3. 结果
	3.1. 结直肠癌(CRC)：核心应用案例
	3.2. 比较与讨论

	4. 结论与未来工作
	参考文献

