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Background The unstoppable progress of aging.

Today, Japan faces the most serious situation in the world.
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Resource: World Population Prospects: The 2019 Revision (United Nations)

Note: Elderly = people over 65-year-old (Japan)
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Background Elders Population Structure and the Proportion Transition of Japan (1950-2040)
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Resource: Ministry of Internal Affairs and Communications of Japan, 2020
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Why Need Causal Discovery in Healthcare Research?

* Too expensive or difficult, or ethically impossible to perform certain controlled experiments.

* To identify the underlying causal relationships between variables, such as the relationship
between a particular risk factor and a disease outcome.

* Help to identify new and unexpected relationships between variables that may have gone

unnoticed in traditional research methods. — PEEEEEEEEE .
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A. Rawal et al., Causality and Machine Learning Review. DTIC. Nov 2022. Fig.4  Applications for causality (data derived from Scopus)
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Related Causal Discovery Work for Japan Healthcare Data

Data:

PLOS O N E * Health checkup data (anonymized) of

Osaka prefecture during 2012-2017

& OPENACCESS B PEER-REVIEWED

* Target 60s/7

RESEARCH ARTICLE

0s/80s age groups with

30k+ samples each

Causal relations of health indices inferred statistically using
the DirectLiNGAM algorithm from big data of Osaka
prefecture health checkups

Men Woman

20,316/ 26,654

~

69,892 109,529

97,327, 131,036

Age
Jun'ichi Kotoku [E], Asuka Oyama, Kanako Kitazumi, Hiroshi Toki, Akihiro Haga, Ryohei Yamamoto, Maki Shinzawa,
Miyae Yamakawa, Sakiko Fukui, Keiichi Yamamoto, Toshiki Moriyama 50-59
Published: December 23, 2020 « hitps://doi.org/10.1371/journal.pone.0243229 .
;  60-69
1
Method: !
_ ,  70-79
* Direct LINGAM [1] :
|}
(Linear Non-Gaussian Acyclic Model) . ??f?_ |

" memmmmm=®

32,594; 46,906 ,

Target health concerning variables:
» Selected 11 indicators [2] for elders
(detaﬂs on next page) machine learning research, 7:2003-2030. 2006

[2] J. Kotoku et al. Causal relations of health indices inferred statistically using the DirectLiNGAM

lgorithm from bi f ka pref re health ch
Networked Information Systems Laboratory(NISLAB), Waseda University algorit om big data of Osaka pretecture health ¢

-------- --memm e mmm

[1] Shimizu, Y., et al. A linear non-Gaussian acyclic model for causal discovery. Journal of

eckups. PLOS ONE, 15(12), 2020
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Most Critical Diseases in the Elderly Population

The basis for selecting the aforementioned 11 indicators for causal discovery is grounded in prior knowledge,
specifically from investigations into elderly populations residing in Osaka.

Heart disease and stroke

NPT M EE /dal.a'bi:.tes/
oo ol HEs \ / 7 ) .
<. g W ~-o~ ™ Diabetes
1IDVEIAE & BXZE A Ch
HEPR IR
/ni'fra:p.a.6i/
Liver diseases Diabetic nephropathy (DN)
LHEg =g g
FRERR. BRI B
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11 selected indicators Chinese Korean What's it?
: - The highest pressure reaches the arteries when the heart beats and
i 4= R A|AEE] sdot :

Systolic blood pressure (sBP) | T4 | = ipumps blood. Normal: <120mmHg and Elevated: >140mmHg.

Low-density lipoprotein REEREEH EIF”E X|Z ZaAH = A type of blood fat called "bad cholesterol” deposits on blood

cholesterol (LDL) fBE iz s = =77 % ivessels' walls to increase the risk of cardiovascular disease.

High-density lipoprotein SEEEER E‘IU'E X|Z! 2| AEHE A type of blood fat called "good cholesterol” removes other fats,
L ad = | =0

cholesterol (HDL) RE & 2 = == ‘particularly the LDL.

Triglyceride (TG) =R EEEI:E‘EIHIEPOIE :A type of blood fat to store excess energy. High-level TG increases

gthe risk of heart disease and stroke.

Glutamic Oxaloacetic

SEEME (2219 SALZOMME
s

EBlood biochemical marker; an important indicator of liver health.

Transaminase (GOT) = EE?_HAH:'JOHOIE ;Elevated GOT levels indicate liver disease or other organ damage.
Gamma-glutamyl Y- ;7,:,H:|} Z=2EgjQl EajAH ;Another important indicator of liver health, also concerning with

transpeptidase (yGT)

s EfCto|=

:cardiovascular disease, type 2 diabetes, and certain types of cancer.

Glutamic Pyruvic Transaminase

NSRRI | 22E0) o2u|7) e

. Another important indicator of liver health. Elevated GPT levels

(GPT) LS {At2lojjo|= ‘indicate liver disease or other organ damage.
Body Mass Index (BMI) RS éiﬂ’g x| A ;An indicator of fatness to evaluate the risk of heart disease, stroke,

:and diabetes. Normal BMI in the range [18.5, 24.9].

Fasting blood glucose level

(fBG)

EEMOEAT (AH 2 27

EGIucose (sugar) in blood after fastening(typically 8 hr) to diagnose
:diabetes and pre-diabetes.

Hemoglobin A1c (HbA1c)

MIEHATC [HR224 Alc

2 to 3 months average blood glucose level to diagnose and
imonitor diabetes and assess a person's glucose control.

Height

55 A
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Causal Discovery: Fundamental Concepts

Directed Acyclic Graph (DAG)

(e )
° ° Correlation Bayesian graph
4B e .
2 ° e o e Causal
G Q graph

a. Natural DAG b. Polytree

E j M F j M Relationship of correlation and causation

* A causal graph is the most concise bayesian graph, i.e.,

v the most straightforward one.

* A causal graph is always a Directed Acyclic Graph(DAG)
as the research object.

O © © © 6 © © © ©

c. Transitive closure (blue) d. Multitree K. Thulasiraman et al., Graphs: Theory and Algorithms, John Wiley and Son, p.118. 1992

. L https://en.wikipedia.org/wiki/Directed acyclic_graph
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Causal Discovery Results: Men of 60s and 70s
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PLOS ONE

Causal relations of health indices inferred statistically using
the DirectLiNGAM algorithm from big data of Osaka
prefecture health checkups

Causal Discovery Results: WWomen of 60s and 80s
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PLOS ONE

Conclusion with Causal Relationship fundings

ices inferred statistically using
from big data of Osaka

For samples of 20,000 or smaller, errors in causality become large.
The causality relations become fragile.

The role of HDL on BMI and TG (the dark blue thick arrows in the
figure) is quite important and true for all age groups, both men and
women. However, the role of LDL on other indices is small.

Several interesting causal relations were found to be quite

robust:

HDL strongly influences BMI and TG; this relation is robust in all

age groups.

* LDL is quite independent.

* sBP influences BMI.

¢ BMIl influences fBG (HbA1c) and GPT (yGP).

* TG influences GPT (yGP).

« fBG and HbA1c are correlated strongly, but the causal order is
fragile.

¢  GOP is influenced both by GPT and by yGP.

Causal graph sample of age 70s women,
by Direct LINGAM

Note: some fundings need assess in greater detail by specifically examining these indices using other statistical methods.
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Next Work: Do Further beyond Causal Diagram

(What) Position: Health Data Analysis e
(How) Method: by Causal Discovery

(Why) Purpose: for Supporting Policy Formation and Municipal Problem-Solving

Review this research PJ title, which
cooperates with local government.

Research PJs comparison Osaka ‘ Minano \

Scale Metropolitan ; Local town

Population About 8,823,000 About 9,000

Data Health checkup data only All health-related data
Selected groups and indicators All citizens

Causal discovery purpose

Causal graph

Causal graph, Tracing, Simulating etc

i Academic Academic
Project . .
independed co-work with local government
Support policy formation Possible, but week Possible, might be strong
Municipal problem solving Possible, but week Possible, aiming to resonable effect
Extended social experiment No Yes
Duration Half year (Finished in 2020) Three years (Started in Nov, 2022)

Networked Information Systems Laboratory(NISLAB), Waseda University
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Minano-machi, Japan

i 35 %0) LT 25 i
A A ", See here for Chichibu's location
2o PRI i ) 63.74 km? ‘- in Saitama Prefecture
See here for Saitama Prefecture’s location / ' 9497 | . - - -
Prefecture’s location in Kanto region /"' A N T E)_e_(_)_p_ E ¢,
in Japan /Saitama’,

 Minano
| :
Saitama

Tokyo

120km

Networked Information Systems Laboratory(NISLAB), Waseda University

Resource: Minano Tourism Association https://www.minano.gr.jp/en/
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Minano-machi, Japan
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Minano-machi, Japan https://youtu.be/UruJDhRMHAMO u vouTube
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Health Data Analysis by Causal Discovery for Supporting Policy Formation and Municipal Problem-Solving

Research Plan

(I) Data preparation
phrase S D) ;ta storage

MUNICIPAL HMS

Problems Input
* Specific diseases
. * Regional health issues
(Il) Data analysis * Preventive measures

phrase

Data sources DB for analyzing
~—

NHI(KDB)
Anonymization

Filtering

Data analyzing

Mechanism of Causal Discovery
« Time series data
* Non-time series data

(Improvement

Note: of Outcomes)
* NHI(KDB): Database system managed by National Health

Insurance Organizations(NH]I).
* Municipal HMS: Local Health Management System
managed by the municipal government.

Networked Information Systems Laboratory(NISLAB), Waseda University

Data master

(Ill) Outcomes
evaluation phrase

* Receipt(Treatment+Dispensing)
* Special health check-up

* NIH(KDB)

 Elderly care

Visualization of Analysis Results

On-Site Evidence Verification

Results output

 Causal graph of health data

* Evidence for policy formation

* Solution to municipal problems
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Phrase-l: Data preparation General processes

Data source National Health Insurance Organizations (NHI)
NHI(KDB) - (Medical, Diagnosis Proceduer
- Combination (DPC), Dental, and Dispensing)

(National DB, "y quration | 2016-2022 (7 years)

managed by :

the central Record amount 230,000 records (Medical only)
government) 30,000 records (Health checkup, etc)

Main info ' Insured information, Injury/Disease information,
. Medical information

~— : ..
- Data source ' Municipal Health Management System (HMS)
MUNICIPAL HMS :
Data duration  {2016-2022 (7 years)
(Local DB, Record amount 6,500 records
managed by Main info Basic health checkup information, Osteoporosis
the local !
. checkup results, etc.
government) '

Networked Information Systems Laboratory(NISLAB), Waseda University

All data is personal data, managed by
individual social insurance numbers.
A lot of the data is input manually by
healthcare execution organizations
with unavoidable errors.

Many sub-databases can not organize
data automatically.

Other problems.

» Data washing
» » Data master files

* Anonymized processes

Local DB for analyzing (build new),
managed by the PJ research team.
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Phrase-l: Data preparation Data master files (Entity Relationship (ER), Indicators category)

In processing.

Medical
(Insurance)

Dispensing

(Drugs)
LeFbTr—9vRA LEZET—%9%R

4 _sAFAIA. xIsx 4 xlsx

Healthcare

o e — Municipal Info
| (Local special)

NET—IYRA RBERZT—IVTR TKC F—4 <X
4 Xlsx 4 xlsx 4 xlsx

Health checkup

Networked Information Systems Laboratory(NISLAB), Waseda University



Knowledge  Research target Observation

v v

(Process)
(Output)

Networked Information Systems Laboratory(NISLAB), Waseda University 19



Local Problems: requests from the elder healthcare frontline

Key risks of elders Chinese Korean Japanese
Dementia EIRE X|Of SO X0AE
Osteoporosis B BN E =Z20H|S BHEU & DIE
Diabetes ¥EFR IR Bt & FR IR
Diabetic nephropathy YEPR IR B R Py Y FEFRIRIE B IE
Carclovascular and DRMERE | MBS HEII® | OMOERS
cerebrovascular § i

The above diseases concern:

* Do people with ****** 3|so suffer from some specific diseases?
* How do lifestyle and family situations affect ******?

* What's the effective early intervention for ****** prevention?

etc.
The frontline healthcare financial control concerns:

* How to deduce the necessity of going to the hospital?
* How does a family start a suitable early intervention?
etc.

Networked Information Systems Laboratory(NISLAB), Waseda University



How Causal Discovery Helps Healthcare?
c y P In 2021, the number of dialysis

6) BEBITEE EWABOES, 198220215 (H6) therapy clients was 349,700 in
Japan.

A Age Transition and Portion of Dialysis Therapy Clients in Japan (1982-2021)

S 2786 people per million
population.
67% of them are over 65-yr-old.

B 90 B~ 2021 %
Mco~gojy | [FANS B
80~89% : 68,336
300,000 f| EA75~T79® |1 oo som . 48330
70 ~74 1% 70~748% : 64,221
165 ~69m® 65~69% : 42,883

250,000 | DGO ~64ﬁ o 60~64a 5 31.427

D150 ~50% | | 50~59% : 46,953

40~498 © 19,437 ; _

Cla0~49m | | 207208 © 19497 The average age is 69.7 yr-old.
200000 f| E330~39& || oo~20% : 668

[J20~29% | | ~19% : 154

C~19% HHH a—
TBOHH0 |msomsmmessnsimsmmmsmosesns s HH- UL H

™ 0
mEL Fid) N
il )
i ]| SR — 1 @
= ] i SIEEEEEEE W~
===EEARaRATT AinlalntElatelsl (R il s
50,000 |-+ =5 R CHHHEHHHR R HHHHA =
15 S R B R LR AR — |
. o o o o o e 2 = = e BT S
196283 B4 85 86 87 88 89 90 91 92 93 94 95 9 O7 98 99 00 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 &
BEWEIC L D& — AR
- : HABHESS
—fttHEABRBEHEFS [HHIEOEEEREREOERR (2021F12A31HIR%E) | Th Japanese Society for Dialysia Therapy

Networked Information Systems Laboratory(NISLAB), Waseda University Resource: The Japanese Society for Dialysis Therapy (JSDT). 2021 21



Diabetic Nephropathy Severe Exacerbation Prevention Program (DNSEP Program)

For new dialysis therapy clients, 40.2%

result from dialysis nephropathy.

(JSDT Renal Data Registry. 2021)
JSDT: The Japanese Society for Dialysis Therapy

If one dialysis therapy client can be
controlled to stay in the early stages, save
the huge national medic budget, max to

near JPY5m (USD400k) per year per person.

e
a‘( \of:6 ......

Networked Information Systems Laboratory(NISLAB), Waseda University

JPY 5m/yr V Dialysis therapy stage

(USD 400k/yr)

JPY 500k/yr

(USD 40k/yr) IV Renal end-stage

JPY 250k/yr
(USD 20k/yr)

lll Manifest renal stage

Il Early renal stage
| No complications

JPY 50k/yr
(USD 4k/yr)

National burden portion of medical expenses

per person per year. Diabetic nephropathy related.

Resource: Ministry of Health, Labor, and Welfare of Japan. 2017
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Health Data Analysis by Causal Discovery for Supporting (D1

Graduate School of Human Sciences, Waseda University

Policy Formation and Municipal Problem-Solving
RIR & BURTERIZIR)

(ARREFRZRAWERT — I PICED ANILARE

Data sources

DB for analyzing

~—
NHI(KDB) dﬁ
Anonymization
(I) Data
preparation b
phrase S ] ota storage
MUNICIPAL HMS
Filtering
Problems Input Data analyzing
* Specific diseases P m (2
ey (a4
* Regional health issues i[‘@" v
* Preventive measures N % | “:,
(I1) Data ~ 1 7\&
analyzing (&)Y
phrase )t~
Mechanism of Causal Discovery P~ ),
* Time series data g
* Non-time series data
iNote:

i» NHI(KDB): Database system managed by

i National Health Insurance Organizations(NHI).

i Municipal HMS: Local Health Management
System managed by the municipal government.

(Improvement
of Outcomes)

Networked Information Systems Laboratory(NISLAB), Waseda University

Data master

(lll) Outcomes

Receipt(Treatment+Dispensing)

Special health check-up

NIH(KDB)
Elderly care

Visualization of Analysis Results

On-Site Evidence Verification

®

evaluation
phrase

Results output

Causal graph of health data
Evidence for policy formation
Solution to municipal problems

) kA~ Ou DENG (dengou@toki.waseda.jp)

()Data preparation phrase

???

—IYR  RERBT-—IVR TKCF—4 TR
thlsx & xlsx 4 xlsx

LEZbF—9RR LEZRT—HTR

% _#8#AIA. xIsx 4 xlsx

(I)Data analyzing phrase

Causal Discovery of Observational Multivariate

Knowledge Research target Observation
(Input) Hypotheses Questions Datasets
(Process) ho Canitbe
identified?
Yes
Statistical Causal discovery
estimation engine
Causal-Effect
(Output) results(=DAGs)

A mixed routine of classic statistics and
machine learning for causal discovery

(To be continued...)


mailto:dengou@toki.waseda.jp

This research project is supervised by Prof. Shoji Nishimura, Prof.Atsushi Ogihara, and Prof.Qun Jin and
supported by

* The Agreement Concerning the Regional Revitalization Project between Minano Town in Saitama Prefecture
and the Faculty of Human Sciences at Waseda University. (Research coordinator: Atsushi Ogihara)

* FY2022-2024 Grants for the Promotion of the National Concept of Digital Rural Cities. (Research coordinator:
Shoji Nishimura, Qun Jin)

» 2020-2025 JSPS A3 Foresight Program (Grant No. JPJSA3F20200001)
e
"

r .

e

AERIEHRR

Graduate School of
Human Sciences

Networked Information Systems Laboratory(NISLAB), Waseda University

24



