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SOCIETY 5.0 / PERSONALIZED SOLUTION

The Japanese government is promoting the policy of creating Society 5.0
aims to tackle several challenges by the digitalization across all levels of
the Japanese society and the (digital) transformation of society itself.
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MiSSion Precision medicine / Personalized predictive medicine
by deep clinical phenotyping

Physical
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Real life have to be recognized as actual physical characteristics & life course.
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Machine learning stratification and
prediction of ovarian cancer

Ovarian cancer in Japan
» 10,048 new patients/year
> 4,745 death/year
» ~50% of patients are

found in late stage
» Prognosis is bad
specifically in late stage

Histological types of ovarian cancer
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Supervised prediction of ovarian cancer

32 preoperative Ovarian tumor
blood markers | Dre diction> characteristics

(CA125, CA19-9, (malignancy, stage,
LDH, Fbg, Alb, ---) histotype)

y 334 patients with EOC and 101 patients with benign ovarian
W2 tumor treated in the Jikei University between 2010 and 2017

——

Split datasets into training and validation cohorts
(2-fold cross validation)

Train classifiers with training cohort

—

Check accuracy with validation cohort



Precise preoperative diagnosis based on
Ensemble learning

101 Benign tumor
334 Malignant cancer

Benign
,,,,, =
\ Malignant

Random Forest
Ensemble of thousands of
decision trees
v' Robust to outliers

v Not depends on
type/distribution of variables

v' Consider interaction between
variables

Sensitivity
06 0.8 1.0
1

04
1

0.2

0.0

accuracy = 86.7%
accuracy = 92.4%

I I I I |
10 048 0.6 0.4 02 0.0
Specificity

Logistic regression
Random Forest



Are known categories really predictable?

Stratify early stage and late stage e \
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MDS2

Unsupervised learning to extract
difficult-to-recognize patterns

Conventional PCA
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Kawakami et al. Clin. Cancer Res. 2019

Early ovarian cancer patients distributed across two clusters

Cluster 1: Benign type
Cluster 2: Late stage type

By using unsupervised machine learning, we revealed the

disease clusters that have not been recognized even by clinicians




Landscape modeling of life system

A MNOrme] dee] o b Plusiporem reprogramming © Direcr comwversion —
Dr. Tetsuo
\ Ishikawa
Maiure Heviews | Molecular Cell Hinlogy

Ladewig 2013
Nature Reviews Molecular Cell Biology

Epigenetic landscape
A concept proposed by Waddington in 1940. The model describes
cell differentiation as an analogy of a dynamical system where
"state transition occurs as the ball rolls on the terrain”.



Data-driven reconstruction of landscape
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~2.5M physical examination records
Real world data that matches together
] M D C health insurance claims/physical examination data/ledgers data

+ ‘ Inpatient health DPC health Outpatient health Dispensing health Physical
. x insurance claims insurance claims insurance claims insurance claims | examination data

= BMI
@ @ H . Systolic,

diastolic blood

_ ; ) ressure
*Diagnosis of injury and sickness +Number of visits / number of inpatient days . EIbAlc

*Medical expenses *Surgery <Radiotherapy -Medicine, etc. + HDL-C
- LDL-C

- GPT... l 7

p 4

Ledgers : Age, gender, family of the patient, insurance member status,
number of months/years not insured

1 B¥.csv 7,163,773 records 405,773 KB
B&E.csv 331,663 records 18,787 KB
MEE% . csv 95,745 records 6,121 KB
L7k .csv 26,088,779 records 2,103,235 KB
%98 . csv 61,444,578 records 14,967,408 KB

EESH.csv 60,148,880 records 28,782,093 KB
2T/ .csv 179,979,079 records 35,279,923 KB
7El . csv 957 .608 records 206.889 KB

. ﬁz%.cﬂhsical examination data 2,581,416 records 683,131 KB




Landscape of diabetes onset process
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Typical diabetes onset trajectories
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Key messages

v Existing clinical classification of disease is not
complete. We should re-define healthy/disease
states based on clinical phenotype data

v By using unsupervised machine learning, we can
extract difficult-to-recognize patterns that have
not been recognized even by clinicians

v’ Tracking the onset and progress of diseases may
lead to appropriate individualized intervention
and treatment
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