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Abstract

Objective: This study analyzed literature from the past two decades on esophageal cancer and ma-
chine learning to identify research trends, collaboration patterns, and provide a theoretical refer-
ence for future studies. Methods: Publications were retrieved from the Web of Science database.
Bibliometric analysis was performed using SCImago Graphica Beta (v1.0.51), VOSviewer (v1.6.20),
and CiteSpace (v6.4.R1) to visualize data. Results: A total of 386 articles were included. Publication
output increased markedly over the past five years, with China and the US being the leading con-
tributors. Keyword analysis revealed a research focus on the application of machine learning in di-
agnosing esophageal cancer, risk prediction, treatment planning, and clinical decision support sys-
tems. Conclusion: Research on machine learning applications in esophageal cancer is a current hotspot.
However, challenges remain, such as limited collaboration among researchers across different coun-
tries and the lack of standardized databases for evaluation. Future work should focus on integrating
multi-modal data and developing standardized models to assist clinicians in accurate diagnosis and
treatment planning.
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B & (BEsophageal cancer, EC){E N AERIAESL T ZE -LRJE A, 2022 SEGeiHHdi =M, BEmAaER
WomiBilZ) 510,716 1, Hrr#) 445,129 GISETC[1]. £ RE RS Z BIRAEIR . it feafuad Hopsr
H, MEPRIUGHRIT B8 B EEE . 385 3] (Machine learning, MLYE N A TR BERIEE S, &
TE R IR B SRR 2 2] 5 GR A Thae, 7T B 32 58 e S ATl #2[2], JCHAE#RBET71H, ML B
I SEEAN ) bR, SRR, A BURRHIE . ML fESR H B2 I i Thag, IRORREE &
AL R A3 5 UL R TN R R R = (3], H P B4 W 4% (Convolutional Neural Net-
work, CNN)TEZE 24 W i B8 i Re e B BURFE SHERRE[4], RRAERAHLIEAT BB 402K (5]. TiUs Tl
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Figure 1. Annual publication
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Figure 2. (a) Geographic distribution of national publication contributions; (b) Temporal national collaboration network
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Table 2. Top 10 authors by publication count
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Figure 3. (a) Author collaboration network; (b) Temporal author collaboration network
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Figure 4. Network visualization of cluster analysis for co-occurrence keywords
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Top 10 Keywords with the Strongest Citation Bursts

Keywords Year Strength Begin End 2005 - 2025
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lung cancer 2018 2.862018 2021
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impact 2022 2.78 2022 2023

Figure 5. Keyword burst detection map
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PR T T B N A PR T T R BE o AT TR I S = AN B 2005~2016 4F 9 R R 2B,
AIRES N TR REAL THIH R I B A %0 2017~2021 S4B R I, 2021 SFH A SR (44 75N 2017 4F
(7 R 6.29 fis o X —ILR AT Be 5 1 8 AU IR 7T CLIZHT B, HLAS 3 2] S8 E B it 78 7 A
Ko 2022~2025 FNFAIGKINA, ZH B R SCREBON R T A BERZ AR I SGTE BE R T AN, e T RE S 2022
FELUEAERNRT AL ZREERA ST 2% E K.

M R SCEFRE, ETEZIR I R SCEN B B 35 W B ) 5 I L 38 5 I R AL
SRPRA T AR, AR T AT 7 &R IR A A TR Y i S S N . b, [ P SR A
15 R EC A 2 B AR5 I PRI, S 150 £ % DR 200 s AF0 e P v 380 25 8] o Bl KA VE N 4% Sl
HE, EE, EAERESERR, SEFMEEEPENTERMEEREE . B2 E 0.
PR IR AN EE9] [10]. A8 557 22 22 8] (14 -G A J7 [ 56 v T4 B R SRV T T SRS G0 T2 AR 00 B T TR I
MULT], BAAEARYEYT R [12]. SR H AT E 7 2 251 B N BT 3 5t B, AT ReA7 A s A 3k
TEALAS 2 DL R S ARG TR R A A7 A 22 S 85 1 3, TR PRS0 RO v 1 L% R B iR 30 75

MAEE JZT FKF, Wang Yi B\ 325 AE T QB U0 I7 RO 0 SRR 5T, it 4 55 24
EERFAE 5 I P f B DR 3 A R I TIOMIASE 28, S T 0 B VR T RS R TS PAB HEVEAG, RN E B4 S
A AR BTRS HEIZ WA VR IT SR T EESH[13]-[15]. Lam Ka-On HIBAIWFFE )7 M) £ EEF T &
B ZIDIRTT BT RO A, B SR RIS T VR TT R RLZ A DR 25 A AT, FEPRZE RS B B 3 A A M v
WPER OB IN R, L T LZGia T AL A6 TT Ja S HE A s G i 78 5 [ 16] [17].

TERBER R Mr b, AL i) SR AR T HLAs 22 SIE B s b, YRy B 7 e,
ARG =AT7H: © WEE kR 2W R A%, ARIL AL TE EC B2 W RURS HE 23 3 o 1 S 5
@ BALST OCIEH AT 2 R TFRE, M AT 7EI6IT )T R AR KOS TR e ©
TG T R a7 IR A, ARIE AL FEST ROPPAS AR TS S IR . Fo, deep learning /2 HEZ) FiRHT
TR B OHAR, R IRTE T B R o A R k1R A e v, 3 AT b B2 W i v 23 ST AN
JT AT H0 %; Barrett’s esophagus AT TS, SBLH AT 7558 50995 28 1000 & &8 e B30 & A 1
HENFHMMA: 1M classification 1 database B ST I, T30 4 5T 0 70 IEIE 0 WS HE RS 20 2 20
BTG SR IR T R R, IR PRHES 3958 JkAl . X Eedh Ut [FdEoR, HET ALZE EC S wif
T B — 12T 25 R0 10 253 . ZATS U RIR R, (HIEE BT ALSBI N R G0 oA 2 LA = K
BB 2 O IE M PRI UEAT) 2 AR R B A T (Y DG B ) R . 5 FAh 2 Mg AL, B8 B2 TS L
HRIT S PR E VI ARERNMER S WHHEARGFAE RTINS H 2K, 0I7 RN AMEZE 7R RE R
BB IEAN Gy B R I EORG R /NI AE (18] WAL B 24 & # A E AL % 57 « B R A R 0 %5
FRM[19], Fob-F 36 P 093 22 0 ECL S R A B R 1 AR IR 2 3R AT 20%~40% [20]. AR 7T SRR
R AL 2 IR R B E R EERHE, e m e R NR AR 2. BT CA R TR )
TERFAHERI R4, ©ESRT T EC BRI H R AHERA[4]. R CNN B, 38 i AR 1 58 1) i 50
CT BGRMEERIRE, HAAMBUREZRM 27% R mE 17%E 4, HEFEREM S0%AER M E 75%K
Fi[21]. PET-CT 2GR FHHESE &8R0T, AT ehmafiEs, HEHENT5IH EC rfuk
FEAR[22]0 EEREX— 0], HLES 2 IR A REAR ARG RRAE BRI, ik — B3GR i N AR IR RE 71, N
BEUEA IR Hh X (1% 55 25 SR W P AR AR SCRF[23]

TER BTSN 2 CAT R,  FIE RV TT 85 B0 A B 7 . FAR K s a7 4545
BVRIT RS . SR, ANFELERFRNEIT IR NATE R E R, RN EEUIRAROUGER. Vih MRS
HIFRE R A R R, IR RSN T IR AR SR X o ML ) REE I S IR R PR} . R 225
B I FhrEEZ G R, RIRIT I KRTI R 7S PR HE S RF . Klontzas 55 1 K I 2 AR A
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RS Z MG IRAE S, SCBL T ARG W& AR R ik FET0I, ey 7 i £ 2 BRI A B AR 1t 1 4K
$5[24]. Patrick Danaher %5 A\ 3 FH 83 98 AE 47 4iFE (Tumor Inflammation Signature, TIS) 515 LA N ML A4S 2% 2] J51%
VPSR A, a3 T RS D TR0 A 3 AN B v 9T rhok s I W] REME[25]. BB I R R B TR %,
DR R 252 M U 5 TS VP A 0 T i R AR AF B R B, Cao S5 NEIE A Z PR 7 A st T E X
AT VS R4 B A 1 (hook microtubule tethering protein 1, HOOK1)#1(Cullin 4A, CUL4A) A & 2 il 5
PR SRR, RS U IR TN S e Ao 5 s AR TRV T B B R I TS R [26] . Liu 555 T MRI A CT 243
SR AL SRR, SEEL T T B BT S 9 B S B R RS HE TN [27] . Wang S5 FH 22 rhCe KRS 22 R 1
SRISRNAAY, X AR AR LG R AT T HERR TN, AR R TR BOR BR AR [28] . IXLEHE SR, AL
#5272 IEAE N B2 WiiZ P e 20 7 ISR . 97 280l J 105 5 BRSSP S yT iR, (H IR HE
B2 AIIEM:. 2 PO 7 LU IE .

AR FIEAN T EE R ST AR E TS B, SRR . AEREEE L
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