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2-part model

BEODERIN—TROEREREE|Y Y TF&

EET)N circulatory neoplasms others
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Fowa = N_Z ligta
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%i&%% EFN @ o /

Ylgtd s
Yig: = Z Yigtd * ligtd a latent state.

Yigrd ~ Normal (ugtd cgtd)

. observable

. individual (reciept)
. stratified group
. TTD (unit: month)
: disease group

SZ 44

Average Health Care Expenditure (AHCE)

CAHCEgq = Z AHCEgia  cumulative AHCE (CAHCE) @
t=0

AHCEgtd = F.gtd ’ ﬁgtd
23

: Indicator for incidence (= 0 or 1)
. Incurred Health Care Expenditure
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. BMC Health Economics Review
in Springer Nature Group
AR TERLEDIL
population-based cohort
THY, BAOEERE
DIBLDOD—D2DH

Examining proximity to death and health care expenditure by disease: a Bayesian-based
descriptive statistical analysis from the National Health Insurance database in Japan.
Health Econ Rev 12, 6 (2022). https://doi.org/10.1186/513561-021-00353-9

Miramatsg et ot Hemith Beonomics Beew (20271 128

bt e 1011 13587 27001539 Health Economics Review

RESEARCH Open Access

Examining proximity to death and health Q
care expenditure by disease: a Bayesian-

based descriptive statistical analysis from

the National Health Insurance database in

Japan

L 1: UTokyo
Vi) Hiramatsu' @, Hiroa Ide', Atsun Tauchiya” and Yujl Ful! 2: AXA Life Japan

3: Shizuoka prefecture

By 77 —9 L EZEHED S O EEN

cups. but the (ncreasa-parten

Feved qies g i oups, Sex, &l 208 grouns, The u prosimay [0 death o average HCE was
SEOHRERENLED T — I ¥ EL5 TN, sl oo .h:‘sﬁ:g v |ar;ew.‘:;..ﬁ|-_-:|:il ;:-s:.ely.::a\w-re ; rrsu L;:;.et a-zf::,\ W v Tile
VBB TRO BRIV — TR O TEE I E e A T L TR e o Wt g e

1 than thase in the




AR—bT—FZ2LYVENTLDHIC



F—IHY AT RXITBHBT

B 12283 (Computer Vision)

20124 D AlexNet (Krizhevsky et al. 2012) % ] Y IS
FKEZEICL 2 BERARIISH LI TIIREILES XTI,
LF 14, Google researchli< kL % attention(Transformer)-

based® € 7 )L 4 #2%E < 11 T\ 5 (Dosovitskiy et al. 2020).

Top-1 accuracy 1%
Toe§ accurmey %]

® ﬁAIexNet: Krizhevsky et al. 2012

5

Operstons (GFLOPS]| Operations [G-FLOPs]
(a) (b)
FIGURE 1. Ball chart reporting the Top-1 and Top-5 accuracy vs. computational complexity. Top-1 and Top-5 accuracy using only the center crop
versus floating-point operations (FLOPs) required for a single forward pass are reparted. The size of each ball corresponds to the model complexity.
(a) Top-1; {b) Top-5.
Bianco et al. 2018
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BREEE (Natural Language Processing)

Google Brainl< £ 420174 @ Transformer (Vaswani et al.

2017) , %L T, Google Al X 520184 ®BERT (Devlin et al.

2018) DIREUFE, BREOLELSEEIT TV

/MNLI NER / SQuAD
AN N

P Mask LM Mu‘s-kh La StartiEnd Soan

Masked Senfence A Maskead Sentence B

Cusstion Paragraph

N Urilabeled Serfence Aand B Pair Quesbon Answer Pair

Pre-training Fine-Tuning

Figure 1: Overall pre-training and fine-tuning procedures for BERT. Apart from output layers, the same architec-
tures are used in both pre-training und fine-tuning. The sume pre-trained model parameters ure used (o initalize
maodels for different down-stream tasks, During fine-tuning. all parameters are fine-tuned. [CLS] is a special
symbaol added in front of every inpul example, and [SEP] is a special separator token (e.g. sepurating ques-

tions/unswers).

Devlin et al. 2018
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Figure 33: On TriviaQA GPT3"

s performance grows smoothly with model size, suggesting that lan;
continue 10 absorb Knowledge as their capocity incregses. One-shot und few-shot performance make sig

S0TA

TriviaQA
P e
o -
- - Zero-Shot
¥ »— Ones
Few-Shot (K=64)
088 138 268 78 138 1758

Parameters in LM (Billions)

models
cant guins

over zero-shot behavior. matching and exceeding the performance of the SOTA fine- tuned open-domain model. RAG

[LPP* 20)

ENL, FRIZF LT, EXLG/NT A —I%K
(GPT-3175B: 17501%) # v >ET L%, B

K7 — 5

(Common Crawl: 570 GB, 7t!%50
TBiEE) THEFILDDNL L > RIC

To>TW

% (Brown et al. 2020).

Z D#ER, Big TechBUSM DA & - T, R
DN—=RLVRENRS>TET NS =



EFRERICE T2 REET

Computer Aided Diagnosis (CAD)
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EFE (BR) 7—F3FITAYITLL, FAREAETHNITHE (Pati et al. 2022)

BXMN O GDPR¥ K E OHIPAAIC A S 15 & D IX, EAERFKEICEHT 25F20EE
TEHBINTBY, TNEORARBELR--TWE, TRk, EEXEFHLVWTHR
hNG F— 8 %% $ 5 (Centralised Data Lake) 1213/ N— R 035 5.

IFLEBEEZEMMTETWELIILEZTYH, bI NG T - EBETHINNTRLHE
7% %5 (Rocher et al. 2019)
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Federated Learning (G£&% %)

Rieke et al. 2020.

Federated Learning Workflows
1 2 3 & 1 2 3 4
Distribute Global  Train with Local Send Local Aggregate Local Synchronise Train with Local Exchange Aggregate
Model Data Models to Server Maodels Initial Mcdels Data Models Modsis
B B 8 @ N, B - R ‘ & a [ @ =
- - - || ] 3
T o o ¥ N ) = ) . -
g 38 o 8 H o 4 > g B
Repeat Until Training Complete Repeat Until Training Complete
(a) FL -Aggregation Server (b) FL-Peer to Peer
Key Centralised Data Lake N
| Aggrega Cantral Data L 1 2 3
LA A Oayet i e Data Pooled Cohorts Pulled from Data ~ Models Trained
[)  Training Node 7| Daa Donor Lake Locally
L Model Aggregation Time a (] B (8] (1 (i ’L J C
Weight/Gradient Medical Data
™ Exthange ™ Exchange C 8 0 rf 0 a [

O Local Training
(c) Centralised Training

Fig. 1 Example federated learning (FL) workflows and diff; etol ing on a G d Data Lake. a FL aggregation server—the
typical FL workflow in which a federation of training nodes receive the global model, resubmit their partially trained models to a central server
intermittently for aggregation and then continue training on the consensus model that the server returns. b FL peer to peer—alternative
formulation of FL in which each training node exchanges its partially trained models with some or all of its peers and each does its own
aggregation. ¢ Centralised training—the general non-FL training workflow in which data acquiring sites donate their data to a central Data
Lake from which they and others are able to extract data for local, independent training.
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Federated Learning Jis A
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The Federated Tumor Segmentation initiative (FetS)

Pati et al. 2022. Fig. 1
FYIERETHHMAEMIES (Glioblastoma)
DA (Segmentation Task)

& KSIERNDTIHXRNEZMTLER 0 <
7 bk

® mpMRI: T1/T2/T1Gd/T2-FLAIR
® 25,256 MRI images from 6,314 patients
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