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Review of intelligent methods for data engineering
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Abstract; In data engineering, the enhancement of processing effectiveness for real-world massive raw data, characterized by being multi-

source, heterogeneous, and high-noise, via the application of artificial intelligence methods is currently regarded as a research hotspot. Based on

the general research framework of data engineering, the latest research progress in intelligent data engineering methods was systematically reviewed

in accordance with the design of three key stages: data cleaning, data linking, and data discovery. Additionally, the principles and effectiveness of

the methods related to each key stage were analyzed in detail. Furthermore, an outlook on future research in data engineering is provided in

combination with the development trends of intelligence.

Keywords: data engineering; intelligent methods; data cleaning; data linking; data discovery

B S H = A 1) DR A D e 0 ol R
B Z 0 St M R SR SRR . B TR
VR G — 22 PR ACHE R T il 1 S 4 50 K 5l
RGO FAR 8 1 % 22 5 50 L S
IRRAREAT 1 UL B R R BLAF AR B, SR R
MIEHRIE 25 56 A o A R 25, 2 J80RT A9 3 Joi
EHAEEE

{EOR RGN T3 BN IR Sl ) Bt T A T5
V5 I T R R AL A T, BE TR S AN 8
THIE USRI AT LA 5 50 sl A, fEAL 3
B I T8k 2 g BOAR AR A3 M LA o 03 5%
ARAR R AL B 55 7 5R 25 R PR

s B #9:2026 —02 - 10
E £ : B&HZ AL T H (2024QD00400)

SUIRC o/ NI B = 1 4 5 71 PRpN Bt s 7 N E B2
R WAL SR TR SR A TR i AR
HARMBHL, Bl TR BRI IR O )
RSl ) K FRA -5 b PEATLAR] , S BN s v
B KB B AL, REAE T 2 5 R
TR AT AT SRS - 15 bR, DL i A A
HAEN S ARG ERNE. MG REE T .
RAETIIR BN R A B, BRI T AT Z 5, X
WEARTE T RR AL BRAER A B R, R i
TSRS v K A B AR N i
FHIEEST o

ol TR Re AL 7 B 9US C A W2y 258 T

E—EF KIEI(1982—) 5 RBUEWI, 3R, WA, kA2 U, E-mail : zhanghaisu@ nudt. edu. cn
BIEIEE PUERE(1987—) , WAL FE N BI04 i, E-mail : yanzhou@ ahu. edu. cn
SIS KIS, T, B8R, & Bds TR RAINENIRSRIT]. ERIRHR 240, 2026, 48(3) : 211 -227.
Citation ;ZHANG H S, WANG L, YAN D C, et al. Review of intelligent methods for data engineering[ J]. Journal of National University

of Defense Technology, 2026, 48(3) . 211 -227.



-212- Gl R RPN 48 %

(. I, Paton 51 TR A TR R AT S, HUE TR TR A R K IR R
SRR SR AT TR BRI T JF R4 T4 207 % 10 B 41 ML 3% T A
LA T T R Zha 5 RIS B LRSI, M L3A TR, 4 S0 7
) I B VoL, XEBCIE A ) BFIC B R R TR B AT ST IR E R
i ST T T ML S AT Zhou PRI, I A G B £ B 4 B 5 R
R RO A SR T B SRR S IR

1 B T AR 15 B 5 4 7 S o e e
MRt Bk M e Ty | DURTESEBRER

R SR B R T AT i T R PR BFFCEAR BC AE
(3058 XA TR S A GBI WIS A 1 . Hoeh UV, J b IR o G b
VESMBE UL HIR AL, 6 AR BF SR 1 A5 2 AR S TT A o, DR FEAEF 2 2 0 A
WS TR0 MR BRI B PR CIUR S B S SR 25
S HR RIS I . XS AMES T DURREGEIL. BRI E A £ S
P ) U SO 00 T BT 5 SR b A 2 7 56 I8, A L 5 B S 5 1
A TR b U B AR 5 RO A AL, BFTCAE T T R 0 B B U A S
FUIT S AT AF R T B R B R SRy L SUECHR AR 1 S, X 5 S .
BRIGHF 007 1. PR, A SO = A (2 MM MO A B, b i S LA ALt
AR FUE 2 AT S B RS A L E SRR, B B DR O AR
WA, TR, ARG T SIS ik (S B 2 4 R A
SR e BT S PO BRI, MR SRS R

5 @ @ LU SRR @E @ Q @

I N -
| = L s —

I @ :,% O | B R i @ [
________________________________________ N
L el OS]

H: R FUAR: 7R 5% Hi: @R

EerRcHQ) gt

! BRI
| 3= | Vemaest. AR, Hoft Es it ) xTmEI. K
| L! TR ANEARH kf@ﬂJ N L @iﬁ%‘ A J R L HREI KB J

o 98 BRES @ B
T OO . Ao, RS
LDDDQ KB, 55 J - | SR i

LE@@%%%% BRI kﬁﬂj -

Ve s Ede
[ L%@ L ARt R

N——
—

k5T SNBAITA. kﬁﬂJ

B 1 $ods TR BRI fE 2R X HR Re Ak 7
Fig.1 General research framework for data engineering and its intelligent methods
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Fig.4 Schematic diagram of data linking
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Tab.3 Data linking-schema matching research

common datasets

YIS Fext 114k 5%
WikiData'**’ 4 5423-~10846 13~20
ChEMB'*’ 180 7500 ~15000 12 ~23
Open Data™”’ 180 11628 ~23255 26 ~51
TPC-DI™* 180 7492 ~14983  11~22
Magellan'*’ 7 864 ~ 131 099 3~7
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Tab.4 Data linking-entity matching research common datasets

VIS g SEUR%E DRECSEAARXT
Walmart-Amazon'*"’ 5 10 242 962
Amazon-Google™" 3 11 460 1167
DBLP-Scholar"™"’ 4 28 707 5 347
DBLP-ACM™"! 4 12 363 2220
Fodors-Zagats™"! 6 946 110
iTunes-Amazon'™"’ 8 532 132
Abt-Buy"*" 3 9 575 1028
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Schematic diagram of integrated large language model pattern matching
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Tab.6 Data discovery research common datasets

ik 5

HimE FEE P 5
TUS-SANTOS' ™ 1127 6 033.90 12.65
ECB Union ™ 4226 311.76 35.95
CKAN Subset'™ 40594 1 823.24 24.92
Wiki Jaccard™ 8489  47.30 2.70
Wiki Containment™™ 10 318  47.15 2.69
Wiki Union'™ 40752  51.05 2.62
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