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Evaluating generic and domain-specific large visual models for T staging of esophageal cancer

using CT: a study of zero-shot performance and the impact of prompt engineering
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Abstract: Background Accurate T-staging is critical for esophageal cancer therapy, but CT-based assessment has significant
limitations. Large vision models (LVMs) hold promise, yet their zero-shot clinical diagnostic capability without fine-tuning
remains unvalidated. Methods A retrospective analysis was conducted on the chest CT images from 98 esophageal cancer patients
and 50 normal controls. Using radiologist-consensus as the gold standard, the zero-shot T-staging performance of 3 LVMs
(GPT-5, Gemini, and MedGemma) was evaluated with prompts of varying complexity. Results GPT-5 exhibited the highest
accuracy and stability. Significant biases were observed among models: Gemini tended to over-stage, while MedGemma showed
a tendency to under-stage. All models faced challenges in identifying early-stage tumors, but structured prompts improved
diagnostic performance for mid-to-late stage lesions. Conclusion LVMs have potential for zero-shot T-staging, but their
performance highly depends on model choice and prompt design. The generic model GPT-5 show superior zero-shot
generalization. However, current model performance is not yet clinically viable, especially for early diagnosis. Future work
should focus on fine-tuning with high-quality clinical data and developing standardized prompt frameworks.
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Figure 1 Overall T-staging performance characteristics of large vision models under different prompts

2.3 AEHEE T S HRIMERE S

R T R M B AR A AT A AR B RN ]
PER TG BT BB , FRAl AT AR R B R Y T 43 112
WrE s . B2 AR IX — 3 )2 A AT i A SR . DU
MREARRF , Gemini X528 1) 0 WHPEAS 19 T 20 7K1
BAR, AT e 5 HA Z AR B 7 AU MR 454
FI . ChatGPT Xf T2 2 11 G H 7 6 ) BH I 4 2%
KARBH T2 1 CT #2154 . 1l MedGemma 1F k£ 2% 7
[i1] B 2 ALY | HH T T 43100 A0 235 R 2 A i 55, ()
A AT AR — R A T2 J 25 21, A B e oAb P A
PN BT

b2 85 A N T W 00 45 A S An e, EA o
Witk . 455 % UABXTIN 75, GPT-5 76 T A 1 AU v e g
Hh R AR BRSSO A R AR PR UER S 1 4R
AT GPT-5 ST 2] 1 671 [ 53200, 1 42 1 Ak 19 32 7R 17
XF GPT-5 (14 T 43 WHERA 22 A I 4278 . Gemini 5 Y

14 e A At M S v T AR s ] Y S0 R R S LR W
IR AT 35 A A B S R OGP, 3 3 B HC iR R A e
PG B A R4 B RE 7 RE 0% A ML A6 2 Ll Y B2y
SAZ AL 5 R . MedGemma £ 4 45038 & A A
HOBARAE M AR A B ST W A A b e X 5
HA L) KRR A B LR IER R . ARELT
HC Al 9 A 38 AR B 1) IR, TR AT RAE A B T —
A~ 7B ML ) MedGemma £5 Y 5t 3545 1 AR T HoA
ORAGEHLT 4330 5 v ) A 32

SRR E BRL ] (4 P AR )2 90T I 1 5 Dy
MedGemma>Gemini>GPT-5, X —45 7R, 75 1
I EFEAI 5T, TR HH R B R 2 AL BE ) A
AR 2 B AR AR 35 /N B 5 8580 A 8 32 A 1) 40
WL PR (B RE S HE0T
24 RIRIRE ZEXNS BT AT R R0

AWFIE W — DO IR R RS X LVMs 12



11

CT T

- 1537 -
10 Prompt
4 - oo oo ) Shprt
@ mid
0.8 @ long
31 ey

SIIPEAL

Gemini ChatGPT Med('}emma

0.6

040 e

0.4 033 o 036 ®

0.2

0.0~

Gemini

ChatGPT MedGemma

[E 2 FREIMREIR CT ERHY T 55 BRI BTa 2 LUK 5 BRSO B i 14

Figure 2 Trends in T-staging judgment and the accuracy of staging diagnosis of different models for CT images
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