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Abstract

Customs data evaluation is a crucial link in the cross-border trade supervision system, its core being
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the identification of potential risks from high-dimensional, multi-source, and heterogeneous declara-
tion data. With the rapid development of new trade formats such as cross-border e-commerce, tradi-
tional methods based on human experience and rule bases suffer from inefficiency and insufficient
adaptability when processing complex data. Machine learning, as an important branch of artificial in-
telligence, provides a new technical path for customs data evaluation by relying on statistical model-
ing and data-driven mechanisms. This paper, based on the cross-border integration of machine learn-
ing and statistics, takes cross-border e-commerce customs risk early warning as an application sce-
nario and constructs a hybrid evaluation method of “expert scoring-machine learning prediction”. By
introducing ridge regression and multi-output regression models, the qualitative indicators of cus-
toms data are quantified, and the automated prediction of 14 qualitative risk indicators is achieved.
The results show that this method has certain advantages in improving the efficiency of customs data
processing and the consistency of evaluation results, and can provide practical methodological sup-
port for customs risk identification and intelligent supervision.
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Table 1. Cross-border e-commerce goods customs risk early warning indicator system
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(Aol ER). C10(BiZ). Cl2 GHEIME) =ANE Eiebs, HAL CREER R, WX RgE ] Hi%
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2020/1/2
2020/1/2
2020/1/2
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2020/1/3
2020/1/3
2020/1/6
2020/1/6
2020/1/6
2020/1/6
2020/1/6
2020/1/8
2020/1/9
2020/1/9

2020/1/10
2020/1/10
2020/1/13
2020/1/13
2020/1/13 1
2020/1/13
2020/1/14
2020/1/14
2020/1/15
2020/1/15
2020/1/15
2020/1/15
2020/1/15
2020/1/16
2020/1/17

40 CN
40 CN
40 CN
40 CN
40 US
40 CN
40 CN
20 US
33W
20 CN
16 JP
20 CN
40 CN
10 CN
40 W
16 JP
16 LT
20 MY
Al CN
40 CN
20 AT
30 DE
40 RU
20 CN
80 JP
40 DE
16 CN
30 CN
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40 VZIZ]J
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40 MVIDNS
40 W6UCDY
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10
10
40
10
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10
40 VZIZ]J
10
10
10
40
10 30GFAP
40 MWIDNS
40
20 MVIDNS
10 A5IT1U
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TOSASBP
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LPGEWRR
GKIYMO3
PFIL1IG
XCIAAPR
Q9ZG6RD
9GVIGZT
M65]4Q0
9GVIG2T
F463TSU
JSORSCD
H3RWZGO
RZXCXTU
8R629JR
LX5UCF2
FOVFDOM
SC03Z0S
DDNNaF9
9Z8AYH4
TGHJ33]
SWTJELT
HLQTVD1
RQQBONT
MIEWZPS
SPKIA9H
43MSLZK
EFJRTPT
X6Z3FIF

Figure 1. Format of some original samples
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cz
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T4 60
88 75
77 66
86 75
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68
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85
83
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69
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69
61
66
76

C6
71
76
71
48
68
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79
7
76
43
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68

c8
2P3V50K
SVOMCFU
E808GaS
1470607
PT98SSF
USZEXON
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IG4I3ZW
TOOEFIB
JOROZJL
J6WCSC3
YLLBMD1
KGR4TBE
RKDIIZ26
2K0455D
J4BY6D2
OUDRKXS
HOK06Q3
96FHRL1
L8LD7BY
3BOTONT
TOBAT2F
L8LD7BY
YZQRSOF
SRJKEXE
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T 8
40 42
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44 43
70 35
68 87
96 84
66 51
65 33
95 89
74 85
77 89
43 51
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Ca
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U0867HI

MUTNSIW
9SZTRSD
CZXGQET
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746YL34
KIMCL10
13FN8OP
H90UDBA
PDIBHHF
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TZ]T8BT
K1KGVXC
QT180W8
Q1RHL6ES
CXPPJ83
QTML20L
EDT3IEI
WXFESTI
475GJPL
SYESKIM A

9
33
88
68
50
89
88
92
34
85
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69
32
55
64

C11
71
100
73
71
85
79
73
70
100
88
76
71
70
76

FCN2
C

A
CIT
A

C

A
FVN1
CIT

FCN1

C13
63
66
65
64
64
66
64
51
66
65
69
60
61
61

CN
CN
CN
CN
CN
CN
CN
Us
VN
CN

CN
CN
CN
VN

C14
62
78
64
68
87
73
66
60
94
97
87
61
64
67

Figure 2. Data snippets after expert scoring
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79
82
62
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63
66
89
88
63
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620462 G
871200 E
940180 B
611030 Y
851770 Y
670210 G
821762 G
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850440 E
392350 §
1080 E
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620640 G
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842191 E
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848210 B
851539 E
1080 ¥
842310 E
620640 G
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60
67
66
62
68
62
65
62
61
69
64
60
61
62

Cl1a C16
1
43
11
14
1
14
11
11
14
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11
43
14
14
14
43
11
11
43
1
11
43
1
43
14
18
1
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27
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26
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e IRV [ 5K ) DA 103 ik 440 R o 38 42 B L 5 v UG X7 Dy e kA, % C7 (R4 i) U 255
B CORR A E A RS AR ILECRE ” I3 . AR, 3B FMALAT 4y, HA
Tk

WA BT, ISR AN EE VA PP F B L . B, THE 3 AL B KPP ZIAJ) Pearson
FHOR R B (R AT B LR MR G RE ), 45 R ERE X A5 B. A5 C. B 5 C AR 58 0.84. 0.81.
0.86 (p<0.001), ¥JrmT 0.80 MmIHZ BIME, RMULRIBAAE M —HE: Hik, iHE&ER 3 TR
PR HIbRAEZE, C3 (&% m MK E ZX) . C13 (J5™ [ ). C15 (J5™ Ehr iR Uy ) &b b %04 5.3
gy, BN, M CT (FRRYITIIAN) . C8 (G i i X7l 238 ) b e 2 9.5 4, B FAHXTEK,
X5 RS RARNR A G 118 SRR IEARRT . BUR LG % B R RSV R R, 14 TURFR 5
Bl BepA T 5, ATV AIIGRAR RS TR 8@ . X T2 BRI C7. C8 fighs, Caliid & XN 4 I
TN 553 B At e bR B AR 22, WO B TR bR iR R

3.3.3. ¥HMETIESMEHELE

HTREARERNO60 KVIZR), BEHX A @ MR AT M S o S BURFEAEBUT R A &, RS
WA Ak, SRECCL T B4R e -

T oA HRESR L, ¥ CL (IR 3o, A B = AN EUERAE, MIBRE G HIR; B
R AR A IR, X Cl4 (6 A1 HS Fifid), AULREAET 2 AL(HS =5 4mid), FRMENE A 2L
20. Xt C2 (HRE1T). C3 (8L E ) S HUE T 10 Fhi 2R AIRFAE, R AE S0 S (LA HUE 1) H BT
AR A28 B o R T IR EC I M #gmts, *F C4 (12477 :0). C6 (ML KUR:) . C11 (BiFH).
C15~C17 S HUERIZE < 10 MFFAE, (A gAY -4 Fi4b ¥ i@ Column Transformer (FH T3 £ 4 1
ANTR) B 82 AN [R] P AL BRI AR B A% 00 TR, 2 S A2 A Bt Tl Ak 31 0 1) SR B 2L ) SR 1 22 Pipeline (T
BRI M FUD BRI 00 TR, B R A AL BEAIRE B 25 DUIE SRR F 0T, 07 B8 k&8 ) b,
PR B AN M 5% o

3.4. REME ST

341 BEESENX

AR E bR HET 60 25 OARVEREA, IIZh—A> 25 IR, GRS HT ¥ FHod s B 2 Ftill
14 A HEFR AR IR 20 AEAL N R TRAL B 5 RFAE [ 5 (45 ) 2 50~80), #rthh 14 4=, Xt
I Cl. C2. C3. C4. C6, C7. C8. C9. Cl1. C13. Cl4. C15. C16. C17 X4

3.4.2. RBLEFSIENL
FREBIGFEAA R(60 25), IEFEUE HH(Ridge) (A2 RIE#:[10], FIA L2 IEMMLHHIS G . %
U [5] 9 2 7 e Al 2 (MultiOutputRegresson) 1, DLSZFE L4t . IENL R a = 1.

3.4.3. NESTNRE

T Python [ scikit-learn & SZHL LT L

T AR INEEWE, A 10,000 ZAF A (100fulldata.xIsx) AT 60 A A MIRHIE X _train (60 1T x 14
H), M 60 25 FK iP5 JaAE A (60all.xIsx) F s UM I 14 4 RS 70 HiBE y_train (60 47 x 14 F1); S8 J5H4
A E, %8 4.3.3 75 5%E X ColumnTransformer, 5S¢ AFAESREL. M4k, gmidRibruith; REEmg
SERETE IR, BT pipeline.fit (X_train, y_train)SZEL; a2 Tl 5 40 68035, %+ 100fulldata.xlsx
G 40 ZREARAT A F AOHFAE TRE, WA pipeline.predict ()75 2RI 14 48X M FE, RAFN
predictions_40.xIsx (1< 3 Fil f5 #ds A B) .
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C1 c2 C3 C4 C6 C1 C8 C9 C11 C13 Cl4 C1s C16 C17
64. 60279 66. 94027 64.94336 69. 78794 66.25814 67.3363 63.29935 66. 74139 80. 22441 61. 77646 70.23621 63.43378 69.83854 63.3228
75.69172 T1.02264 63. 71474 80.20923 74.94964 70. 32977 65. 44635 67.2365 77.31849 60.08135 71.3891 73.43999 67.3262 63.64028
70.26882 71.94046 66.4497 74.48656 73.42582 67.96076 66. 59541 67.91028 80. 08603 61.17703 73.86276 69.21053 71.58126 63.77555
68. 80226 66. 28356 67.02339 74.19581 70.39791 69. 20765 66. 36045 68. 68845 79. 35369 66. 08484 75.07429 75.01879 72.34595 64.41415
68. 82613 68. 23634 67.67329 69. 61886 70.39165 71.21119 72. 25572 71.97658 81.64413 65.24293 76.81808 66.63241 74.99718  64.639
72.17124 69. 24168 67. 64256 71.07699 70.0981 68.51345 72.89447 72.30501 79.70472 62.8595 74.55956 67.67921 72.39056 64. 46106
67.54612 68. 23617 68. 45718 70.20474 72.27599 69.90887 71.97932 73. 33489 82.55522 66. 26232 78. 17976 71.33499 75.41542 64. 13639
65.57346 63.95089 66.3101 71.73395 69.4301 60. 79043 60. 88107 68.23811 79.0132 63. 78837 71.70262 71.78399 72.32235 64.0643
T0.79893 69.42444 66.81154 69. 93494 66. 61272 73. T1698 72.80221 70.51244 81.82602 63.8946 78.03935 63.34329 71.32863 64. 53588
74.71105 71.82006 66.18795 77.9245 70.33812 74.65937 67. 73275 65.42721 75.33936 61.59244 70.4609 74.20732 66.84591 62.67277
T2.81367 68. 31267 66.26351 76.27154 68. 73418 73.93983 70.22839 72. 02795 80.69027 64. 14096 76.38838 70.3765 71.43199 64.86625
68. 38796 69. 78348 66. 52157 71.24161 72. 32533 66. 69696 66. 52045 67. 30563 80. 72472 61.91408 74.3805 66.34322 71.34642 63. 97821
67.72747 70. 19755 66. 56295 72.78914 70.04911 73.24972 69.01339 66.69221 78. 25018 64. 26919 74.90631 70.5486 71.80644 62.94436
T1.35442 66. 62386 67.51384 70.72431 69.33599 T4.79284 77.27057 78.36801 84.34707 64.359109 78.83687 65.49963 72.31991 65.19412
68.07135 73.0001 67.9302 67.45203 67.75365 70.99377 74.17007 67. 43858 77.13453 64.2279 76.1833 63.01431 77.21843 63. 24763
64. 01001 64. 72045 64. 57306 69. 20421 62. 51349 63. 90583 63. 79236 67. 42843 77. 23648 62. 26288 68.80909 64.89474 67. 75768 63. 11939
T1.18964 75.72501 67.935965 71.40128 70.83657 75. 87376 76.86986 69. 26824 78.61271 62. 75363 76.34733 67.27919 75.19091 62.90363
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Figure 3. Post-prediction data fragments
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Table 2. Mean absolute error (MAE) of predictions for each qualitative indicator
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