
2026/03/06

PMDA AI

AI

•
LLM

• Singhal K., et al. Nature. 2023

• Alexander V.E., et al. NEJM AI. 2023

• Tao T., et al. Nature. 2025

2AI

LLM

Singhal K., et al. Large language models encode clinical knowledge. Nature. 2023 

• LLM LLM

3LLM

Ethan G., et al. GPT-4 assistance for improvement of physician performance on patient care tasks: a randomized controlled trial. Nature Medicine. 2025

• 72 GERD 2
CT

1

24 3 15 20

• : 

472

https://www.hopkinsmedicine.org/health/conditions-and-diseases/atrial-fibrillation 

72



6

7

https://my.clevelandclinic.org/health/diseases/embolic-stroke 

• SIP PD: LLM
• SIP 3 AI
• : 6
• : 24 7 17
• : 

•
1.

•
•

2.
• ICD
•

3.
•
•

8



• LLM

• : 
• : 

9LLM

•

•

•

•

10GPT-5

GPT-5

…

• C1

• C1 LLM

SIP-jmed-llm

• SIP-jmed-llm

11SIP-jmed-llm: LLM

LLM

LLM
SIP-jmed-llm

LLM

• SIP-jmed-llm 5 GPT-4

12SIP-jmed-llm-2: LLM

400

390

380

370

360

350
2018 2019 2020 2021 2022

GPT-4

SIP-jmed-llm-2-8x13b-med-instruct GPT-4

GPT-4 : Kasai J., et al. Evaluating GPT-4 and ChatGPT on Japanese Medical Licensing Examinations. arXiv:2303.18027



• LLM

13SIP-jmed-llm-3: 

gemma-3-12b-it

SIP-jmed-llm-3-13b-NoThink-v1

SIP-jmed-llm-3-13b-NoThink-v2

SIP-jmed-llm-3-13b-Think-SFT-v1

SIP-jmed-llm-3-13b-Think-SFT-v2

gemma-3-27b-it

IgakuQA

13B SIP 2 gemma-3-27b

14

SIP Google AI

VS

15Do NOT Trust Doctor LLM

• LLM AI
•
• AI
• De-skilling AI
•
•
•
• AI
• …

16AI ELSI

• LLM
• LLM

AI
AI

FAQ Q1-8
AI

7 3 5



17AI

• AI AI
• Transformer Diffusion

LLM VLM Speech-to-Text

, . . . 2025

18AI

• AI
• LLM

https://substack.com/home/post/p-154806202?utm_campaign=post&utm_medium=web 

19AI

[1] https://www.virti.com/solutions/medical-training/
[2] https://hms.harvard.edu/news/ai-tool-can-help-forecast-viral-outbreaks
[3] https://healthcare.boardofinnovation.com/test-syntegra-medical-mind/
[4] https://developer.nvidia.com/blog/advancing-surgical-robotics-with-ai-driven-simulation-and-digital-twin-technology/
[5] https://oxfordmedicalsimulation.com/
[6] https://www.ossovr.com/health-systems
[7] https://en.wikipedia.org/wiki/GNS_Healthcare

AI Virti[1] AI AI

EVEscape[2] COVID-19

Syntegra[3] AI

NVIDIA Omniverse[4] CT MRI 3D

VR Oxford Medical 
Simulation[5] VR AI

OSSO Nurse Training[6] VR

GNS Healthcare[7]

Virti AI

20

•

LLM

IBM Watson

[2]

ELIZA

[1]

Babylon Healthcare
AI GP at Hand

NHS [3]

AI

[1] ELIZA – Wikipedia (URL: https://en.wikipedia.org/wiki/ELIZA)
[2] The New York Times. What Ever Happened to IBM’s Watson? (URL: https://www.nytimes.com/2021/07/16/technology/what-happened-ibm-watson.html)
[3] https://en.wikipedia.org/wiki/Babylon_Health



21AI

• LLM
• 2

• OpenAI
• LLM

[1] https://www.ambiencehealthcare.com/clinicians

Ambience Healthcare

[1] https://pubmed.ncbi.nlm.nih.gov/37788063/
[2] https://www.bitontree.com/case-studies/appointment-booking-ai-chatbot-healthcare
[3] https://pmc.ncbi.nlm.nih.gov/articles/PMC11975985/
[4] https://www.microsoft.com/en-us/research/video/cataractbot-an-llm-powered-experts-in-the-loop-chatbot-for-cataract-patients/
[5] https://www.sgh.com.sg/news/patient-care/ai-chatbot-to-help-sgh-save-money--time-with-pre-surgery-assessm
[6] https://diabetes.jmir.org/2025/1/e74032
[7] https://www.wysa.com/
[8] https://pmc.ncbi.nlm.nih.gov/articles/PMC12308165/
[9] https://aicure.com/

22

Ada Health[1]

Bitontree AI Chatbot[2]

MEDIC[3] → → 

CataractBot[4] Expert-in-the-Loop

PEACH (PErioperative AI 
Chatbot)[5]

DigiBete Chatbot[6]

Wysa[7] LLM

NeuroBot[8] RAG

AiCure Patient Assistant[9]

23

BastionGPT[1], Ambience 
Healthcare[7] 

Suki AI[2], ABRIDGE[3], 
Nuance[4], Nabla[5]

AI

Paige Alba[6]
Virchow 

Microsoft Copilot for 
Healthcare[8] EHR

Arsturn Pharmaceutical 
Chatbot[9]

Mandolin AI Agent[10] AI

ChatRWD[11] RAG
ChatGPT-4 LLM

[1] https://bastiongpt.com/
[2] https://www.suki.ai/
[3] https://www.abridge.com/
[4] https://www.nuance.com/index.html
[5] https://www.nabla.com/
[6] https://www.paige.ai/alba
[7] https://www.ambiencehealthcare.com/
[8] https://adoption.microsoft.com/en-us/scenario-library/healthcare/
[9] https://www.arsturn.com/solutions/pharmaceutical-chatbots 
[10] https://www.mandolin.com/
[11] https://www.atroposhealth.com/chatrwd/

24 - 1 OpenEvidence

• AI

https://www.openevidence.com/



25 - 2 Prof. Valmed

• CE LLM

https://profvalmed.com/

26AI

•

https://news.yahoo.co.jp/articles/5cc07f54abd94b0cb7ac166b5212395c8c404834https://aitechsolutions.co.jp/news/summarylaunch/

27AI

[1] https://www.tempus.com/tech-videos/tempus-os/introducing-tempus-os-a-new-era-in-precision-medicine/?srsltid=AfmBOoqi5Ft_HadIts1N_iPDcfhG0p0QFyLVqk9K2y2VU24e8c93kzPK
[2] https://trigent.com/videos/personalized-treatment-plans-with-generative-ai-for-healthcare/

Tempus OS[1]
AI

Trigent AXLR8 Labs for 
GenAI[2] LLM

https://albertvilella.substack.com/p/jpm25-tempus-ai-tem

AI
AI

https://ascopubs.org/doi/pdfdirect/10.1200/PO-24-00478

28AI

ChatGPT, Gemini, Med-
Gemini, Claude, DeepSeek

popEVE[3]

BioMap[4] xTrimo

MAI-DxO[5] AI NEJM 85%

https://www.nature.com/articles/s41746-022-00689-4

[1] https://www.tempus.com/tech-videos/tempus-os/introducing-tempus-os-a-new-era-in-precision-medicine/
?srsltid=AfmBOoqi5Ft_HadIts1N_iPDcfhG0p0QFyLVqk9K2y2VU24e8c93kzPK
[2] https://trigent.com/videos/personalized-treatment-plans-with-generative-ai-for-healthcare/
[3] https://hms.harvard.edu/news/new-artificial-intelligence-model-could-speed-rare-disease-diagnosis
[4] https://www.biomap.com/en/
[5] https://microsoft.ai/news/the-path-to-medical-superintelligence/



29AI

• AI LLM
Speech-to-Text VLM

• LLM

• AI AI

•
LLM

30Still, Do NOT Trust Doctor LLM

• LLM

• ELSI LLM

https://www.openevidence.com/

31

• SF
•

.  – AI . 

32AI

• AI

AI

AI

AI

AI

Omar S., Petar R. Beyond the Algorithm – AI, Security, Privacy, and Ethics. 



33AI  – 

•
•

•

https://twitter.com/josephpaulcohen/status/1495851823915495425 

34

• Agentic AI -
- -AI

• ELSI

John W. A., et al. Comparing Physician and Artificial Intelligence Chatbot Responses to Patient Questions Posted to a Public Social Media Forum. JAMA Internal Medicine. 2023

35#keep4o movement

• OpenAI GPT-5 GPT-4o
GPT-4o SNS

• AI

https://medium.com/@Corrine_CN/more-than-a-model-the-truth-behind-keep4o-5a6ae0e5772e 

36

•

•
•
•

•
AI

•

W. C. . . 
https://www.tbsnews.net/tech/can-ai-feel-pain-scientists-put-language-models-test-1051431



37

•
• AI AI ADR

AI

Krzysztof B., et al. Endoscopist deskilling risk after exposure to artificial intelligence in colonoscopy: a multicentre, observational study. THE LANCET Gastroenterology & Hepatology. 2025

38 - 

•

• AI
• AI

Moustafa A., et al. Exploring the risks of automation bias in healthcare artificial intelligence applications: A Bowtie analysis. Journal of Safety Science and Resilience. 2024

39AI

•

•

•

. . 
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AI

kensaku@is.nagoya-u.ac.jp

1

AI

JSPS JST CREST JST SIP AMED

COI
•

•
•

•
•
•

•
•

2

  
•

• 1992
• 1994
• 1996

•
• 1996 PD
• 1997
• 2000
• 2001
• 2001
• 2003
• 2009
• 2016
• 2017
• 2021

3

CARS 2026

2026 7 2 7 5

CARS2026
CAR, ISCAS, CAD, CMI, IPCAI



EndoBRAIN

5

AI IDATEN

 AI

6

AI
•

–
–
–
–
–
–
–

•
– SIP

2  SIP AI  (PD )
2   (PD )

 (LLM )

7

• AI
– AI → AI → AI → AI

• AI
–  

( 1960 )
–

• AI
–
–
–
–

– /

8



9

SaMD AI SaMD

AI

• Generative AI
– ChatGPT AI
–  

( )
–
– Transformer

• Transformer
–

• AI

10

Ashish Vaswani, et al. “Attention Is All You Need,” arXiv:1706.03762

AI SaMD
• AI SaMD ( AI SaMD )

– SaMD
– SaMD
–  ( LMM)
– SaMD

• ? ( )
–

• AI  ( AI SaMD )
–
–

 

• AI  ( )
– ?

• AI SaMD ? 
( )
– ? (

AI

12

?

SaMD→



• 1950
– Nash FA. Differential diagnosis: an apparatus to assist the logical faculties. Lancet 

1954;263:874–875, p. 874
– DJ Croft, Is computerized diagnosis possible?, 1972
– G LODWICK, Computer Diagnosis of Primary Bone Tumors - A Preliminary Report, Radiology, 

1963 PMCID: PMC2464549
– EH. Shortliffe,  MYCIN: A KNOWLEDGE-BASED COMPUTER PROGRAM APPLIED TO 

INFECTIOUS DISEASES, Proc Annu Symp Comput Appl Med Care. 1977, 
– X , 1960s-
– , late 1980s-
– IBM Syste360  ( FACOM 230-60)

•
– AI
–

14

1970 (  )

16

J. Toriwaki, Y. Suenaga, T. Negoro, et al. Pattern 
recognition of chest x-ray images, Computer Graphics 
and Image Processing, 2 (1973), pp. 252-271

FACOM 230-60 (

AI FORTRAN Python

17

mori@taka:~/slip/slip2df$ more disp6i.f
SUBROUTINE DISP6I(IS,JS,D1,IE,JE,IX1,IX2,JX1,JX2,N1,MT,KP)        02908000

C   *****   7-LEVELS PRINT   DATA NO SAIDAI-CHI TO SAISYO-CHI O TSUKAU *02909000
C   *****   CODED BY J.TORIWAKI   1974.11.13  **********----------******02910000
C   *****   D1(IE,JE)=INSATSU SURU NYURYOKU DATA (INTEGER)   ***********02911000
C   *****   I=IX1--IX2, J=JX1--JX2 NO HANI NO D1(I,J) NO MAX. TO MIN.   02912000
C   *****   O MOTOMETE  IWK1, IWK2 TO SURU.  IWK1 TO IWK2 NO AIDA O     02913000
C   *****   N1-TOBUN SHITE D1 O RYOSHI-KA                               02914000
C   *****   N1=RYOSHI-KA NO LEVEL-SU     N1.LE.7   **********----------*02915000
C   *****   MT=HYODAI, KP=KAI-PAGE SHITEI (1=KAI-PAGE, 0=KAI-PAGE SHINAI02916000
C   *****   IS,JS=GYO,RETSU NO BANGO INSATSU NO SYOKICHI   **********---02917000
c     INTEGER   D1(IE,JE),III(130),ICH(7),MT(10)                        02918000

integer  D1(IE,JE)
character*1  III(130), ICH(7)
character    III1*130, ICH1*7, MT(10)*4
equivalence (III,III1), (ICH,ICH1)

c     DATA ICH/28H.   +   =   *   O  IO  *M  $     /                    02919000
data ICH1 / 7H.-+=*OM /

C   **********----------**********----------**********----------********02920000
M1=MAX0(1,MIN0(7,N1))                                             02921000
IWK1=D1(IX1,JX1)                                                  02922000
IWK2=D1(IX1,JX1)                                                  02923000
DO 30 J=JX1  ,JX2                                                 02924000
DO 30 I=IX1  ,IX2                                                 02925000
IWK3=D1(I,J)                                                      02926000
IF(IWK3.GT.IWK1) IWK1=IWK3                                        02927000
IF(IWK3.LT.IWK2) IWK2=IWK3                                        02928000

30 CONTINUE                                                          02929000
U1=IWK1                                                           02930000
B1=IWK2                                                           02931000
DD1=(U1-B1)/M1                                                    02932000

02932000
C   **********----------**********----------**********----------********02933000

DO 20 JK=1,JE,130                                                 02934000
JK1=JK-1                                                          02935000
JC=MIN0(JE,JK+129)-JK1                                            02936000
IF(KP.NE.0) WRITE(6,200)                                          02937000
WRITE(6,201) MT,B1,U1,M1,(J1,J1=JS+JK1+10,JS+JK1+130,10)          02938000

C   **********----------**********---------**********----------*********02939000
DO 20 I=1,IE                                                      02940000
IL=I+IS                                                           02941000
DO 10 J=JK,MIN0(JE,JK+129)                                        02942000

10 III(J-JK1)=ICH(MAX0(1,MIN0(M1  ,IFIX(1.0+(D1(I,J)-B1)/DD1))))     02943000
WRITE(6,202) IL,(III(J),J=1,JC)                                   02944000

c  20 WRITE(6,203)    (III(J),J=1,JC)                                   02945000
20   continue
200 FORMAT(1H1)                                                       02946000
201 FORMAT(11X,10A4/1H ,  '   LOWER T=',E11.4,5X,'UPPER T=',E11.4,I7, 02947000

1'   LEVELS   ' /6X,13I10)                                         02948000
202 FORMAT(1H ,I4,1X,130A1)                                           02949000

c 203 FORMAT(1H+,5X,130R1)                                              02950000
C   **********----------**********----------**********----------********02951000

RETURN                                                            02952000
END                                                               02953000

1974.11



ChatGPT FORTRAN Python

18

ASCII_7 = ".-+=*OM"
def image_to_ascii(

img: Image.Image,
width: int = 130,
levels: int = 7,
charset: str = ASCII_7,
char_aspect: float = 0.5,

) -> list[str]:
if mx == mn:

# constant image -> middle-ish tone
idx = np.full_like(a, fill_value=(levels - 1)

// 2, dtype=np.int32)
else:

# FORTRAN-like quantization:
# level = 1 + (val - mn) / ((mx-mn)/levels)
# then clamp to 1..levels
dd = (mx - mn) / levels
lvl = 1.0 + (a - mn) / dd
lvl = np.clip(lvl, 1.0, float(levels))
idx = (lvl.astype(np.int32) - 1)  # 0..levels-1

lines = ["".join(charset[i] for i in row) for row in idx]
return lines

 2  D1(IE,JE) 
 7

 1 ASCII

FORTRAN Python

19

• (4)

21

Dr
(1)

(2)

(3)

(4)

 

22



Abstraction level in medical assistance

23

Low-level vision

Mid-level vision

High-level vision

Description

Signal processing

Image recognition

Image understandings

Abstracted knowledge

Current medical AI
Old fashioned AI…

We need this level!
Generative AI makes possible

Ab
st

ra
ct

io
n 

le
ve

l

Abstraction level in medical assistance

24

Low-level vision

Mid-level vision

High-level vision

Description

Co
m

pu
te

r /
 A

I

•
– Early studies on quantitative analysis of medical images by computer18, 19, 20, 21, 

22, 23 were reported in the 1960s. At that time, it was generally assumed that 
computers could replace radiologists in detecting abnormalities, because computers 
and machines are better at performing certain tasks than are human beings. Thus, 
the concept of computer diagnosis or automated diagnosis in radiology was 
established at that time. 

•

– In the 1980s, however, another approach emerged which assumed that the 
computer output could be utilized by radiologists, but did not replace them. [K. Doi
2004]

25

Kunio Doi, Overview on research and development of computer-aided diagnostic 
schemes, Seminars in Ultrasound, CT and MRI, Volume 25, Issue 5, 2004, 404-410,
https://doi.org/10.1053/j.sult.2004.02.006.

Large Language Model (LLM)
• LLM

• AI
•  Transformer

• Large
•   
•

• Pre-training
•
•  

•
•
•

•
• Self-supervised learning → 
• Instruction tuning → 

• LLM LLM

LLM
- GPT OpenAI
- Claude Anthropic
- Gemini Google DeepMind
- LLaMA Meta
- Mistral Mistral AI
- Qwen Mistral AI



 RSNA2024

28 29

RSNA 2025, Microsoft PowerScribe

•
–  
– Findings Impressions

•  (LLM) 
– LLM
– AI

• Vision – Language Model VLM
–
– VLM 

(Findigns) Bilateral pleural effusion is unchanged 
from last time. There is mild collapse of the left 
lung base. A nodule in the central left lower lobe is 
unchanged but gradually increasing. A small 
localized ground-glass opacity in the left lower lobe 
is also unchanged. Right pleural thickening shows 
no significant change. Small scattered nodules in 
both lungs show no growth and are likely benign 
post-inflammatory. There is no significant lymph 
node enlargement. The right mediastinal soft tissue 
shadow is unchanged. Bilateral renal cysts are 
present, with no hydronephrosis or ascites

31



32

Junze Fang, Suxia Xing, Kexian Li, Zheng Guo, Ge Li, Chongchong Yu, Automated generation of chest X-ray imaging 
diagnostic reports by multimodal and multi granularity features fusion,
Biomedical Signal Processing and Control, 2025, https://doi.org/10.1016/j.bspc.2025.107562

33

Junze Fang, Suxia Xing, Kexian Li, Zheng Guo, Ge Li, Chongchong Yu, Automated generation of chest X-ray imaging 
diagnostic reports by multimodal and multi granularity features fusion,
Biomedical Signal Processing and Control, 2025, https://doi.org/10.1016/j.bspc.2025.107562

34

Soombit.ai

• CT
– CT

•
– CT
– CT
–

[1] Aoyama, T., et al.: A cross-national investigation of ct, mri, pet, mammography, and radiation therapy resources and utilization (2024)



• [ CT] pneumobilia
n.p.

n.p.

• 2
– VLM 2D
–
– 2 3

• 3
–
– CT2RepLong[3]

–
–
–

[2] Blankemeier, L., et al.: Merlin: A vision language foundation model for 3d computed tomography (2024)
[3] Hamamci, I.E., et al.: CT2Rep: Automated radiology report generation for 3d medical imaging (2024)

• Findings report generation for CT images

4. Ibrahim Ethem Hamamci, et al., CT2Rep: Automated Radiology Report Generation for 3D Medical Imaging, https://doi.org/10.48550/arXiv.2403.06801

• Single-shot image interpretation
– Diagnosis has been made only from one volume

• Longitudinal image interpretation
– Diagnosis has been made from longitudinal volumes 

to find changes 

40

Previous visit Current visit



Vision-Language Model (VLM)
• AI  
•  

– (Vision Language Action)

• CT MR
• VLM

1.  (Image Encoder) 2.  (Text Encoder)
3.  (Vision-Language Model) 4.  (Decoder)

Large Language Model

Image

Text prompt to 
generate captions

Encoder
Encoder

Output

• Single-shot image interpretation
– Diagnosis has been made only from one volume

• Longitudinal image interpretation
– Diagnosis has been made from longitudinal volumes 

to find changes 

42

Previous visit Current visit

• Using a 3D encoder to directly process 3D CT 
volumes
− Visual Encoder

pretrained 3D Swin Transformer is used to extract 
features from 3D CT volumes

− Feature Fusion 
A 3D convolutional layer followed by flattening 
merges spatial information

− Language Model
A Japanese LLM (ELYZA-japanese-Llama-2-7b) 
processes prompts and generates the final report

− End-to-End Flow
3D CT volume → Feature extraction → Transformer 
Decoder → Prompted LLM → Japanese report

(a) Capture 3D CT Features
• Utilize a pretrained 3D Swin Transformer 

to capture CT features from 3D CT 
volumes. 

(b) Draft Report Generation (Stage 1)
• CT features are first transformed into the 

text embedding space using a 3D 
convolutional layer followed by a 
flattening layer. 

• The text prompt is transformed into text 
embeddings through a pre trained LLM 
(ELYZA-7B and LLMJP-1.8B). 

• Transformed CT features are 
concatenated with the text embeddings 
and the concatenated features are sent to 
the Transformer Decoder Layer to 
generate a draft report. 

(c) Final Report Generation (Stage 2)
• The LLM (Qwen2.5-7B-Instruct) refines 

the draft report guided by prompts to 
produce the final report.



Output Ground Truth 

(Cysts are observed in the
kidney, but no abnormalities
are found in the liver, spleen,
gallbladder, pancreas, or
adrenal glands. There is no
lymphadenopathy, and no
ascites is present.)

(Cysts are observed in both 
kidneys, but no 
abnormalities are found in 
the liver, spleen, gallbladder, 
pancreas, or adrenal glands. 
There is no 
lymphadenopathy, and no 
ascites is present.)

(AI ) 
LAD

(AI ) 
-

10mm

2 
(

CT
)

1 
(

CT
)

• Single-shot image interpretation
– Diagnosis has been made only from one volume

• Longitudinal image interpretation
– Diagnosis has been made from longitudinal volumes 

to find changes 

47

Previous visit Current visit

 - 2
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LMM
• 2

• VLM 2D
•
• 2 3

• 3
•
• CT2RepLong[3]

•
•
•

[2] Blankemeier, L., et al.: Merlin: A vision language foundation model for 3d computed tomography (2024)
[3] Hamamci, I.E., et al.: CT2Rep: Automated radiology report generation for 3d medical imaging (2024)

CT
• CT

• 2 3 CT

•  (VLM)
• 3 CT
• ( : )

•
•

CARS2025

LMM
• 2 3 X CT

AI
• CT

• CT

• 3.5  (7 ) 
3 CT  ( 700 )

• 1 4

•
• 2025/4/24

Text 
Encoder

Instruction

Clinical 
indications

Information
in text modal

CT volume of
previous visits

CT volume of
current visits

Generated report3D Vision 
Encoder

Adapter

Decoder-only LLM

Vision
features

Vision
features

Embedding
vectors

0.726
0.728

0.73
0.732
0.734
0.736
0.738

0.74
0.742
0.744
0.746
0.748

0 2 4 6 8 10

BE
RT

Sc
or

e

Epoch

BERT Score

•
• CT
•

•
•

•
• 3D Vision Encoder
• Adapter
• Text Encoder
• Vision-Language Decoder

CARS2025



• DB
• 14,000 (M:F=8:6)
• 50,000 3D-CT 

• Size on axial plane 512 512 pixel
•

• 35,000
• 2 3

•
• Vision-encoder SwinTransformer
• Decoder-only LLM: Gemma-2-9B-it

3 CT

54



3D CT

• SIGMA+
• SIP E-2 G

3D CT
• CT2RepLong [1]

• CT2RepLong NII DB

• 3D CT

• CT2RepLong[1]

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L

CT2RepLong 0.298 0.216 0.174 0.144 0.276 0.235

SIGMA 0.331 0.248 0.199 0.162 0.312 0.253

[1] Hamamci, I.E., et al.: CT2Rep: Automated radiology report generation for 3D medical imaging (2024)

Text Text (Translated to English)
Please create a report. Postoperative rectal
cancer.

AI No obvious local recurrence can be identified. No
significant lymph node enlargement can be
identified. No clear liver metastasis can be
identified. Liver cysts are present. No
hydronephrosis. No ascites. No clear lung
metastasis can be identified. No pleural effusion.

LDA
CV

No obvious local recurrence. Multiple small
nodules in both lungs, with no increase in size.
Some nodules show ring-like internal defects. No
new nodules identified. No significant lymph
node enlargement. No pleural effusion. No
significant changes in the low-density areas (LDA)
of both thyroid lobes. No clear liver metastasis.
Liver cysts are present. CV port device is present.
No other notable findings.

Previous visit

Current visit

Similar to the findings written by radiologist

3

CARS2025

K. Nguyen, C. Wang, M. Oda, K. Mori, `` Automated findings report generation using VLM from 
longitudinal 3D CT volumes,'' CARS 2025 Computer Assisted Radiology and Surgery 39th 
International Congress and Exhibition

VLM
•

•

•
•

• VLM

MedVLM

LLM

Med LLM

 -

storage

DB

GPU
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A
B

C

Previous visit

Current visit

Green for findings match with the expert
Red for findings differ from the expert

Input volumes

Expert:

(Bilateral pleural effusion is unchanged from last time. There is mild collapse of the left lung base. A nodule in the central left
lower lobe is unchanged but gradually increasing. A small localized ground-glass opacity in the left lower lobe is also unchanged.
Right pleural thickening shows no significant change. Small scattered nodules in both lungs show no growth and are likely benign
post-inflammatory. There is no significant lymph node enlargement. The right mediastinal soft tissue shadow is unchanged.
Bilateral renal cysts are present, with no hydronephrosis or ascites.)
Input: 
(Please generate a report.)

SIGMA:

(Nodules in the right upper lobe are unchanged. Both lungs show findings suggestive of chronic airway inflammation,
unchanged from last time. No pleural effusion. No significant lymph node enlargement.)
Input: 
(Please generate a report. Post-right upper lobe lung cancer surgery, post-idiopathic chylothorax surgery)

SIGMA+:

(In the right lung apex, there is an infiltrative and ground-glass shadow, increased since last time, suggesting possible
pneumonia. Nodules in the right upper lobe are unchanged. Dense shadow in the right lung apex is unchanged. Emphysematous
changes are seen in the background lung. Left pleural effusion is unchanged. No significant lymph node enlargement.)

Note: Original input and output are in Japanese, the English 
version was translated by authors, written in the parentheses.

(   )

•
– BLEU-n: Based on n-gram matches
– METEOR: Considers synonyms, stemming, and word order
– ROUGE-L: Measures longest common subsequence
– BertScore: Measures semantic similarity
– _  (Matching Rate): Fraction of output findings that match the expert’s findings
– GREEN: Evaluate factual correctness and clinical relevance

•
– GPT
–
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[3] Hamamci, I.E., et al.: CT2Rep: Automated radiology report generation for 3d medical imaging (2024)

• BLEU-n: Based on n-gram matches
• METEOR: Considers synonyms, stemming, and word order
• ROUGE-L: Measures longest common subsequence
• BertScore: Measures semantic similarity
• (Matching Rate): Fraction of output findings that match the expert’s findings
• GREEN: Evaluate factual correctness and clinical relevance

Method
Natural Language Generation Clinical Efficacy

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L BERTScore GREEN

W/o clinical 
history (SIGMA) 0.313 0.243 0.183 0.147 0.230 0.253 0.730 0.306 0.272

W/ clinical 
history (SIGMA+) 0.318 0.247 0.196 0.153 0.322 0.287 0.746 0.353 0.361

Below shows performance shown in Ref. [3] as reference.
c.f. CT2RepLong is English model, and our model is Japanese model, direct comparison is impossible.

CT2RepLong[3] 0.374 0.327 0.304 0.401 0.285 0.263 - - -
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• 1
– A)  
– B) 
– BLEU-4 0.3763

• 2
– A)  
– B) 
– BLEU-4 0.3561

• 3
– A)  
– B) 
– BLEU-4 0.9254
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FDA Request for Public Comment: Measuring and Evaluating AI-
enabled Medical Device Performance in the Real-World
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AI

AI

AI
AI

https://www.regulations.gov/document/FDA-2025-N-4203-0001

QA pair generation from finding texts
Qi IFMIA 2025

Generated QA pairs and scores
finding1: CT CT EUS-CD

cavity GnP RT
12mm

SMA
n.p. n.p. n.p.

response: 
Q:  score: 8.5625
A:  score: 0.51171875

Q:  score: 
2.09375
A:  score: 2.25

Q:  score: 15.0625
A: 12mm  score: 5.625

Q:  score: 10.0625
A:  score: -5.125

Q:  score: 2.859375
A:  score: 0.98828125

Q:  score: 2.1875
A:  score: 0.349609375

Abdominal contrast-enhanced CT: Compared with the previous day s CT. After EUS-CD for 
a pancreatic tail pseudocyst. After placement of an external drainage tube. The fluid 
retention between the stomach and spleen seen previously has disappeared. No other 
obvious cavity is observed. After GnP with RT for pancreatic head cancer. The size of the 
primary lesion in the pancreatic head shows no remarkable change. The common bile duct 
measures about 12 mm in diameter and is more dilated than previously, thought to be due to 
tumor invasion of the common bile duct. The soft tissue shadow around the SMA shows no 
significant change. Dilation of the main pancreatic duct and pancreatic swelling have 
improved compared to the previous study, considered to reflect the course of acute 
pancreatitis. Liver: n.p. Gallbladder: gallstones present. Spleen: n.p. Adrenal glands: n.p. 
Kidneys: a small cyst in the left kidney. No ascites. No lymph node enlargement of significant 
size.
Responses:
Q: What kind of lesion was observed in the pancreas? 
A: A pseudocyst was observed in the pancreatic tail.

Q: There was fluid retention between the stomach and spleen; what is its status now?
A: It has now disappeared.

Q: What is the diameter of the common bile duct?
A: About 12 mm, and it is more dilated than before.

Q: Were there any abnormalities in the peritoneum or abdomen?
A: There is no ascites, and no enlarged lymph nodes of significant size are observed.

Q: What does pancreatic head cancer refer to?
A: It refers to cancer located in the pancreatic head.

Q: How are the main pancreatic duct and the pancreas itself in terms of size?
A: They have improved compared to the previous study, considered to reflect the course of 
acute pancreatitis.

Qi IFMIA 2025 E-2 
• QA 3 VQA-VLM

A A

QA QA
Q
A
Q
A
Q
A

Q
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85C. Wang, SPIE Medical Imaging 2026

VQA
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Vision Language Action
–
• https://arxiv.org/pdf/2406.09246

87https://arxiv.org/pdf/2406.09246
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import os
from typing import Tuple
import pandas as pd
from PIL import Image
import torch
import torch.nn as nn
from torch.utils.data import Dataset, DataLoader
from torchvision import models, transforms

# =========================
# Dataset 
# =========================
class FundusAgeTrainValDataset(Dataset):

"""  + ( )  Dataset"""
def __init__(self, csv_path: str, img_root: str, transform=None):

"""
Args:

csv_path: image_path, age  CSV
img_root: 

            transform: torchvision.transforms
        """

self.df = pd.read_csv(csv_path)
self.img_root = img_root
self.transform = transform

if "image_path" not in self.df.columns or "age" not in self.df.columns:
raise ValueError("CSV  'image_path'  'age' ")

# =========================
# Train / Eval
# =========================
def train_one_epoch(

model: nn.Module,
dataloader: DataLoader,
criterion,
optimizer,
device: torch.device,
epoch: int,

) -> Tuple[float, float]:
model.train()

running_mse = 0.0
running_mae = 0.0
total = 0

ChatGPT

FDA Total Product Lifecycle Considerations for Generative 
AI Enabled Devices AI Lifecycle
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AI vs AI (Q A Q A )

92
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Mid-level vision

High-level vision
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