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[ Abstract]  Explicit content features of webpages are often unavailable due to distractions such as commercials, insufficient
permissions, privacy protection, or deceptive disguises. To address the challenge of classifying webpages with severe content feature
deficiency, a method combining graph embedding and extreme gradient boosting( XGBoost) was proposed. This method leveraged implicit
relational features in webpage hyperlink networks for multi-classification. Firstly, a hyperlink network was constructed using relationships
between webpages. Then, node features were extracted using graph embedding models, and statistical structural features such as
clustering coefficients and PageRank values were concatenated to form dense feature vectors. Finally, ensemble learning models,
including XGBoost, were trained to classify webpages for prediction. Experiments on a real Wikipedia dataset show that the Struct2Vec * +
XGBoost approach achieves excellent classification results, with accuracy, precision, recall, and F,-score metrics reaching 0.987 5,
0.9659, 0.971 3, and 0.964 1, respectively. These results are superior to those of comparison models. The findings demonstrate the
effectiveness of using implicit link-based features for webpage classification in scenarios with content feature deficiency.
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Table 3 Performance comparison of web page classification
using implicit relational features

I kA Accuracy Precision  Recall ~ F|-score
Pagerank + SVM 2] 0.5704 0.5896 0.6211 0.5799
LDP +SyM['e] 0.5821 0.3723 0.3368 0.3175
DeepWalk + LR 0.6965 0.6852 0.6092 0.630 1
BANE +SVM!'®] 0.7193 0.6892 0.5725 0.607 6
DeepWalk * +XGBoost 0.977 1 0.9804 0.9361 0.9478
LINE * + XGBoost 0.9771 0.9822 0.9220 0.946 0
Node2Vec* +XGBoost 0.9854 0.9153 0.9247 0.9195
SDNE * + XGBoost 0.9688 0.7978 0.8102 0.8036
Struct2Vec* +XGBoost 0.9875 0.9659 0.9713 0.964 1

TE LSRR PERE AR LR A5 2R

®1 SHEHRANEENBSHEE
Table 1 Hyperparameter configuration of graph embedding models

L2 [EEAE2 UEE 2
DeepWalk walk_length =10, num_walks =80, workers =4 embed_size = 128, window_size =5, workers =3, iter =3
valk_length =10 valks =80,p =0.25, ¢ =4 kers =
Node2Vec walk— eng' 7 num'_wd ° P 4 » workers embed_size = 128, window_size =5, workers =3, iter =3
4, use_rejection_sampling =0
batch_size =1 024, epochs =50, initial_epoch =0, verbose =
LINE embedding_size =128 , order = Second’, negative_ratio =5 * F_ —se » epoehs » HHE_epoc » verhose
2, times =1
hidden_size = [256, 128], alpha=1x10 "%, beta=5. , nul =
SDNE 1 en_:ue [ ’ 3 > apha X » e o batch_size =3 000, epochs =40, initial_epoch =0, verbose =2
I1x107°, nu2=1x10"
walk_length =10, num_walks =80, workers =4, verbose =40,
ste b =0.3 tl _reduce_len = T 2 _reduce _si
Struct2Vec Slay_pro » 0P _reduce_ten fue, oplz_reduce_sim_ embed_size = 128, window_size =5, workers =3, iter =5

cale = True, opt3 _num_layers = None, temp_path =

Struct2Vec/”, reuse = False

" /temp _

7 swalk length &R FEHLYTAE A0 num walks B4 9 55 BY BEHLYEE B workers R FF4T

size JA_EF SCHT Y IR/D s iter S fe Rk AUUCEL

PEFEE; embed size 7 A 16] 5 1 4E B 5 window

R2 HERRAMBSYEE

Table 2 Hyperparameter configuration of the prediction model

HIEAR

HRSHIE

C=1.0, kernel = ‘1bf’ , degree =3, gamma = ‘scale’ , coef) =0. 0, shrinking = True, probability = False, tol =1 x

SVM

10 =3, cache_size =200, max_iter= — 1, decision_function_shape = ‘ ovr’

penalty = ‘12° ,C = 1.0, fit_intercept = True,

Logistic Regression

intercept _scaling = 1, dual = False, tol =1 x 10 ~*, class_ weight =

None, solver = ‘ Ibfgs’ , max_iter =100, multi_class = ‘auto’ , verbose =0

. - o . .. .
n_estimators = 100, criterion = “gini” , max_features = “auto” , min_impurity_decrease =0. ,

bootstrap = True, verbose

RandomForest
=0, ccp_alpha =0.0, min_samples_split =2, min_samples_leaf =1, min_weight_fraction_leaf =0
loss = “ deviance’ , learning_rate =0. 1, n_estimators = 100, subsample =1. 0, criterion = ‘ friedman_mse’ , min_sam-
GradientBoost ples_split =2, min_samples_leaf =1, min_weight_fraction_leaf =0. , max_depth =3, min_impurity_decrease =0. ,
validation_fraction =0. 1, tol =1 x 10 ~*
max_depth =3, learning_rate =0. 1, n_estimators = 100, verbosity =1, silent = None, objective = “binary : logistic”,
XGBoost booster = * gbtree”’ , n_jobs =1, min_child_weight =1, subsample =1, colsample_bytree =1, colsample_bylevel =1,

colsample_bynode =1, reg_alpha =0, reg_lambda =1, scale_pos_weight =1, base_score =0. 5

B8 C MIENAESHL, F AR X R 22 B 25 2% s kernel A% BREIZR A ; degree A 22 101 20 A% R A I YR KX ; gamma N 4% BRVBUZR KL coef M A%
PR A0 37 30 s shrinking 525 i H shrinking Ji & 3751 ; probability S5 Ji FHERAL T 5 tol 45 1L VRG2S 2L 8 5 cache size W% AT
KN smax iter SR KRB, T (B 7R JCBR ] ; decision function shape 24 2243281 0 T PR3 sRELHITEAR
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Fig. 5 Comparison of learning curves for each classification model (under Struct2Vec ™ feature extraction scheme)
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Table 4 Comparison of classification performance of
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Fig. 6  Comparison of the classification performance of

each classification model
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Fig. 7 Scatter distribution of node features on two-dimensional space after dimensionality reduction
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