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Abstract

To address the issues of poor adaptability and high false-positive rates in traditional keyword-
based filtering methods for Chinese spam SMS identification, this paper implements and evaluates
an efficient and lightweight filtering tool based on the Naive Bayes algorithm. First, a Chinese SMS cor-
pus is constructed and preprocessed through tokenization and stop-word removal. Second, TF-IDF
combined with N-gram is employed for feature extraction, with the contribution of each preprocessing
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step quantified through ablation studies. Finally, a Multinomial Naive Bayes classifier is imple-
mented using Scikit-learn and optimized via grid search for parameter tuning. Experimental results
show that the tool achieves an accuracy of 88.2% and an F1-score of 0.897 on the test set, with a
false-positive rate of 6.6%, demonstrating certain advantages over comparison algorithms in train-
ing efficiency and resource consumption. This work provides a lightweight, practically feasible, and
easily deployable technical solution for spam SMS governance.
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TEAIIEEAESE . EP BRI EARE TR R, B =4 B B 5 A B SARTE N RS0 55 4045 AT
SR BCCIERT BT bR . ARVERVE ARG T RS A bR (B A A . TERE R . IR
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Figure 1. Word cloud of stop words
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Table 1. Parameter comparison of different feature extraction methods

F# 1 FRHHERET AN S HAIEL

FEAEJ5 7% max_features min_df max_df ngram_range
TF-IDF 800 3 0.9 1,2)
PEERg it 600 3 0.9 1)

3.3.2. ¥HERATES LA

FHESEBUR ARG “SCAS - W0 - &7 BB . Je T TRAL B 5 (1 7018 45 SR 4 R Al R,
PR IURAR T 3 YORIR T 90% U4 11A]Y; R TF-IDF SikiH ROV, A gk % 800 M TF-
IDF FffiE Al &5 Bl 5 @A Unigram 5 Bigram REAE, fliHe “R o890 “PRETHE0G” 553y I 0015 S A ke s
B B Ja AR M) B3 AT L2 Y80 —1k, JEBRAS R SCARK R R RE I o RRAESEELEE € 2 PR

Table 2. Examples of feature extraction results

2. FHEREEGRRHI

(AEDIE O HHE REAE 1) 5 (T RR)
FEEBORBMESS, WANEH  UE$(0.38). #£15(0.32). K HHi1(0.25) [0.38,0.32,0.25,0,0, ...]
MR B3 fJFS, HMEN S JF£2(0.52). #EF20(0.31). F%4+(0.18) [0,0,0,0.52,0.31, ...]

RATIAES 1 2 Mt 2R 45 fh A\ I01FRS(0.48). MFE(0.35). 4R1T(0.22) [0,0,0,0,0,0.48, ...]
B R A A R 4 BRI (0.45) 451/1(0.39). 1LFR4 % (0.28) [0,0,0,0,0,0,0.45, ...]

34. BUREXIS 55 HEE

N R ZR A 8 PR RIS AIE A8 R, B FUR I 22 2R TT 1%, 2 7:0:2 B LR BRI 7
NUNGREE ARSI . YIZRAE S EE 70%, TS E 50, IRIESE ST 10%, T #SH0RL;
MAEE L EE 20%, HI T T RBRZAPERE PN . 20 EAle i FE 7 hs DR KR 2 BR8P IE SURE A U] 5 BR AR )
3. ABAREKIZN A Gt SR IR 3 .

Table 3. Statistics of dataset category distribution

=3 BRE XD HGEI
A AR EREARBIIAL)  SREARBER () TEREA L
ZREE 2100 1238 862 59.0%
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ISF4E 300 177 123 59.0%
T 4E 600 353 247 58.8%
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4.1. ETF Scikit-Learn B9%b3E DUHHEEEISCIR

4.1.1. EFEERPIE

S i SRS B AT SR, AW TR 2 T AN R DU A% 0 4 2R . Ok R AR £
BT UUNER: Hi, ERMBERCIEDTH, 20U 3 DL S0 SCA S (10 5& O 2 35 A0 T S5 AR
R WY, R 7820 R R RIS B 20 S 72 s IR, fEVTF R T T, 6 3000 26 FFE AR (I INZRMYL
i 0.42 %0, WAFHHZ8MB, LT SVM. FENLARMEER:: &5, ZEER& R RE, 8l
Vil feature_log_prob %5 )@, W B AN X o b A5 5 IE W AR B B AE F il .

4.1.2. %SRBSR

22 10 2R 2% DU A AR 5 K 22 NSk B 8. alpha S50 R0 4 2 P08 R 8, RO FAE T e s
ARFETRE S BN EMER . R SEOAI IR 45 R, 4 alpha BUE N 2.0 I BRI REIA B R AL .
fit_prior Z408 & 524 21 Se IO MR 1 152 BT O, S0 45 R B R H fit_prior = True B, i1 F1 {H% False
A PR T, I JE T B0 SR oy A7 27 21 S B =2 S0 & AT 78 IR AE AR A4 o

4.2. ERNGSSHEN

4.2.1. FREHINERTE

BRI G R T, A SO TR BRI D ZRiR R . B2, SRA 2 EBRE IR 7:1:2 1
oA R 2 B s LU, A FH N 2R BRI TF-IDF SR AE4R RS, Pebk Ak 20 5 ik 85 ) B3, b6 s k4T
BRI, BTG S BRSNS EBIR AT RS e, 3 R AR X I 25 5 R AR Y
HEATAST VRS, SEIHERIRIA 0.882, 538 X IGF45H 0.880 B EW & .

4.2.2. SEBRIERE S5 5CHE

EFxf alpha 5 fit_prior FiMZOSH, ASCRA “ M RAC S 5 H128 XIAIE” BISRIGIHEAT I . &
B R AW 7, K alpha BUE 1 & 4[0.1,0.5,1.0,2.0,5.0,10.0], fit_prior BU{E 1% & J9[True, False], 3tiF
B 12 ASHAE . RWIRL RanE 4 i,

N\

Table 4. Model performance under different parameter combinations
4 TEISHEAATIREERE

alpha 18 fit_prior WIGREETER R IO AESEMER R IS FLH
0.1 True 0.895 0.872 0.885
0.5 True 0.891 0.876 0.889
1.0 True 0.887 0.878 0.892
2.0 True 0.882 0.879 0.894
5.0 True 0.876 0.877 0.891
10.0 True 0.870 0.874 0.886
0.1 False 0.893 0.869 0.881
2.0 False 0.880 0.873 0.888
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OIS WL 2, MFEAREIAS] 1500 F )5, PEREHHE A REE, ISR S I TFE R RE E IR IR 2R
FREERUME RN, IEMER B RiFrfee 5z thae
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Figure 2. Learning curve analysis
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4.3. KBTI R

A PIRAELIE I SERR N 7oK, SEERITAL IS DL T 20 BRI T RBAVERRIIE . FRIEAL
7 A BRI . SEBUBRE AT R R R BIRFE RN DL R LR A PERE X L. Mg T “ BRAili i e
fabr + WROER s + LREIENR” W24 R It Refa b AR HEm 2. Rifae . AR,
FL{H: & stiElcfebn @i AUC fH. R FPR. IR FNR; LRESCHFEbR GAR VI RIS 8] . S 26 T00
B () RSS2 Y AT 5
5. TR LRI
5.1. HEEBVEORM AR
5.1 BbRE

SEI6 LSS =M R 3000 ZAAEAS I i SO R 1B RLE LAY, SR E R 7:1:2 I Le Bk o
B . FFIEIREUT %R TF-IDF 454 Unigram 5 Bigram, % & max_features =800. ngram_range = (1,
2), BZAAFEN 721 HERIRHIE R B . BRI A 2 DU R DU 3 2K 8% . S0 E D alpha = 2.0 A1 fit_prior
=True.

5.1.2. SR MEEIERR
1€ T HAE MR F AL O MEREFBE AR 6 5 TR, SRR BUE T .
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Table 5. Core performance metrics of the model

5. RERDMERERR

AL TEAR Hll
T2 (Accuracy) 0.882
FE 11 2R (Precision) 0.901

A [A1 % (Recall) 0.894
F1 {H(F1-Score) 0.897
AUC & 0.945
YR % (AP) 0.938

5.1.3. REMSEEHEIE

VPl T RAEAFEEE LRI TR e, AT T 5 8 NIRiE. 45 R ulE 3@)fr. MEH
ATAE . FATHERR S5 0.876. 0.880. 0.885. 0.879 Al 0.882, “F-IJuERiR Ny 0.880, AruEZE(UN
0.003. JRIEFEFEDHTE RN, 78 600 2 MARFEA T, T B IEMR G IEH 515 324 4%, IERIR A3 JE 15 335
%, RIRER 6.6%, IRIRFEN 10.2%, R TAEGHIAEIE k. IREHEFERIIENE 3(b), #— R
AT LEAEMNAAE 3284075 . 7 600 25 MAREAS T, AR IERR IR IR A0 AE 324 25 (A IS S )
45.0%), IERRIRAIBIIR LS 335 4k (r 46.5%). 1R AE Gl 1E RS R ARG AS R RS 23 %%
(7 3.2%) , K S HAZ 1R A T S BB 57491 38 2% (15 5.3%) . i TRIA FE FE T 549 B IR R ZE A 6.6%,
TRIRZER 10.2% . 544 G i 5 T OB 1A SORE I AR 38 5 V2 AH o LR @ 78 15% 0L 1), AR T H AR
R T RBACKT, ORI P iy by R (5 £ 5 18 S R 1 75 R

0.90
—-—- F{E = 0.880
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Figure 3. Overall performance evaluation of the model

3. IRBRAMREITE

5.1.4. TSR

MTFE N B, BT AR 3R DUl 98 T B AR IR . TS 23 . W90 o R % ol A e
ST R B ST B . % THRAE 2100 FUIZREA B se B I Zhid FAUFERT 0.42 #b, XBR2%
FLE I P FERT 20 0.02 =80, IIZR5E IR SO RK/NZT o 8 MB, 12T I N AE 5 KT 10 MB,
HLA T (O RE A IS B
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5.2. AEFFHELEANRIXTEL 57 5iERSEE

NYHIE “TF-1DF + Unigram + Bigram” $#1iE 77 58 5 & TRACERIA T (0 2, ARSEI0 R i H AR 2%,
SRR AL B 77 X, @i B DR SR e T AT T RS S o ANIR] ) A 7 R M RE 2 e A 6 o,
RS RIC S TR 7,

Table 6. Performance comparison of different vectorization methods

F* 6. NEEEWLFGEMRERLL

tr Ak 75 7 HER 2% F1 18 FE 4 T O

TF-IDF (1, 2) 0.882 0.897 721 RHCERRE, i “IREEN” SREER
4 AE(1,1) 0.868 0.883 600 THER R, R

TF-IDF (1, 1) 0.875 0.890 652 PR SR

TF-IDF (2, 2) 0.879 0.894 589 AR IERI

W A ) =L, 0.856 0.872 500 A i ARG

Table 7. Results of ablation experiments on preprocessing steps
7. MAELRHREILER

R B (4 BT e % F1 14 PERE T R
FERE AL LA 0.882 0.897 —
R € U5 T 2R 0.874 0.889 —0.8%/—0.8%
FEx N-gram 4L 0.875 0.890 —0.7%/-0.7%
B URL/HIFIZ AL 0.869 0.884 ~1.3%/-1.3%
R AT TAL B 0.852 0.867 -3.0%/-3.0%

B 6 W] I, TF-IDF BA03AFE T oo 10 SR e A Al R EE, SR “fREE SR “fth” S5
P ERAER P X 50 FE s 1T Unigram + Bigram [ 2E4 TG 5 B b SR s IR [ e R0, 373551
XAk et . 425 RE, 600 % 800 4 & He il R AUR 5 i+ H AR L X 7]

THRRSEIS 45 R WAL 7, SERR T B AR (B B E X5 IR . N-gram HFAE 2 URL/FE GV A6) Ay {5
RUTAH) 88.2% I HERI %5 0.897 [ F1 {H; (KIKFERR & 4% Hia K . N-gram HFH1E. URL/EIEZ LG,
WA FL {5 7 FF% 0.8%. 0.7%F1 1.3%, HA URL/HIFZ LIRS BRI PERE RS B K, Uk B XU (S
Bz AbR I RE B PR B AL SRS (R RE 71 BB BR AR TR FD B, M RERE IR 3.0%, I
TR G T A A TE P S IR AR I IR 45 R B B Y 2R AR TR B R RN

5.3. #BIRDARHISEEFHRIH

MR 600 SEFEA T, BRIPIFEAIL 61 5%, KR IEE 8.47%, HrhERIEHI(IEF FAE AV EIR)
23 5%, MRASAGILIRFEE R AN IET) 38 2% MM 1 OARIES], FAEAEN “HRATIIE: 8832, iF
JrMgEan A N, TRLL0.87 BB MG FOR A E MBI A . RFIEEAE T “IRUERD” —ir B R A
T B AR R, B AR UZ R IEIE U, TR AER A ah & “HAT” “iEZiltER T SN IEE RS
RIR LB AL HEAT SR e P SRR 2 Ddadsl, JEAE AN “F i EAR, ENKRA R,
IR OEE R W7, THRBL 0.79 WEMERKHAENIEF RS RARRNET SRR I T “REA
B SR IEMPPOTIAE, IR SRR A A — R AR 1 BRI A A I R A R R ] Y TR
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TR RIS RV RS 515 5 KA 2ZE . ShZih CEMRRE ). X ¥ 515 R
RO R B T SCAS (A A i A 5 UK

5.4. E&THS5EENTEE

NWIEAN R DU i g TR MIVEREE AL, JEBCZARRIH . SCRFREPLSVM). BENLARMR . BEEZRTT
W KT AR T Al ERSIEBEATRILE, S5 R 8 .

Table 8. Performance and engineering characteristics comparison of multiple algorithms

=8 ZEAMRES T4

Bk i F11H YIRS ] (FD) P47 5 F(MB) A ff R eV
Fhzs T 0.882 0.897 0.42 8 b 0.902
sk AR 0.885 0.899 1.23 12 H 0.891
KR EAL 0.888 0.902 3.56 25 55 0.856
BENLARAR 0.892 0.905 8.91 48 i 0.772
B SR T 0.894 0.907 12.34 65 55 0.718
K A% 0.868 0.883 0.15 5 55 0.895

KR DU S A2 HEff 5 AR TRRESRTH , (BAEZRG5 FE 2 RIERE . THERCRM BT 5 IR RTIE T
HEEGRIMIN S FIE L E . T ERER, AH T A F RN 7 54 0 DU a2 i £ Sei g
s S B 2 DU TR B RIS, AbE DU A A7 o AR DL 8 O R s RS
fLsesmsert, ARAAN R DU 7 586 LR T AR 5 & IR 0T 56

6. RESRE
6.1. ARTIERLE

A FE I G SCRL A I X — Se bR AR )8, MR T — 2 AHCHE R AR R 7 e R R T
R EAUR T, BE A TFHE S M4 ICHCEHE , @ S 1 2 5 m FE A i 7 B 5 3000 Z5 ARyt 4
M SCREABTERE, SURKE S ATE 8~42 TR0, SEIEGRERREERE. ERE L2,
B RGN L S Eh S, RAE T “TF-IDF + Unigram + Bigram” J% H & CPACFRIRTT (A 2ok, &%
# % F max_features =800, ngram_range = (1,2)[IZHBLE, I 721 4Efpfbm &, £ THMWEZER, 5
T Scikit-learn HE 4L 1% ¢ 2 WUk 28 DU Wi /E iz O Y, did IS 2R 5 5 738 X IEAf & et 2 30
4~ alpha = 2.0, fit_prior = True, T.EIZAYT 0.42 F, WIE 54 8 MB. ESCIRIRIEET, % T A
FEMREE B ROHER %L 88.2%. FEHIZ 90.1%. 7 HZ 89.4%. F1 i 0.897. AUC fH 0.945, iR{RZFAL
6.6%, FHEUE GO IR A BT, HENGRCR S IR EJRILH — e R

6.2. FENRBEERE

JRE AW TG T BIRCR, BT IL TR —RANR W RIE IR T “RHiE s
AL (REAR, 5 ISR AR R R SORIBATAE i 22— AT TH EZRBHAM S, Sz
X CARZ R IR RE s = R UIGRENH R AR R B s OV A IR, HLZ B 22 ST D2
FEBET ORNERIE, MARR S KL SRR AORIIREEFT NRE.

B B DE,  ARRBEFURT LT 7 I JEIT: SRR, ST AR BT 2508 5 A R 5
TESCRFAE, g “AbER DU + BB CNN” KRG, fEHEMNEEN R, Bt T2
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