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Based on data from the health app, an algorithm was developed to
automatically select health guidance comments that would optimize the user®s health behavior.
Preliminary analysis of the data showed a 9% improvement in health behavior. However, because a
co-researcher from the joint research institute, Kobe City, was employed by the joint research
company and involved in this study, the possibility of a conflict of interest arose. The university
to which the researcher belonged pointed out the possibility of a conflict of interest and requested
an ethical review by the Kobe City’ s institutional ethical review board in accordance with the

Japanese government’ s ethical guidelines for medical studies. However, the response from the person
in charge at Kobe city was inadequate. In light of this situation, the research was discontinued in
consideration of the possibility of violating the national guidelines.
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NyT 4y b7 RLZRI L 72 intelligent pooling (Tomkins, Liao, Klasnja, & Murphy, 2021) % Z#12, /N4
FUT77 FALIRIG L7273 XL ZFFEL 72, Logistic Thompson sapling (Chapelle & Li, 2011) 2§32
ET, HADEZEBIABIC L 2 ETVTH B, FHIDAMITIFIERA 2 VT, Laplace U THBT 21T - 7,

Algorithm 1 Personalized Logistic Thompson Sampling for Dietary Recommendation
1: fort=0,...,T do

2:  for indivisuals i = 0,...,|Z| do

3: Observe user characteristics s;.

4: Select action candidates A’ C A given s;.

5: Draw @ from prior distribution p(6) = N (|7, S)

6: Choose action a; = argmax,. 4 E[r(y)|A =a,5 = s4].
7 Observe outcome 0y.

8: Set D+ DU (Ot, at,st).

9:  end for
10:  for indivisuals i = 0,...,|Z| do

11: for recommendation a =0, ...,|A| do

12: Update posterior distribution p(6,,6,,, 6;|D) by Laplace approximation.
13: end for

14:  end for
15: end for

ER 72 R LD python FE#% DUTNICARI L 72, https://github.com/shirakawatoru/plts/
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Users of the health app who used the app between October 2017 and October 2019. Information input by users in
the app were recorded in the database. That includes user characteristics at baseline, dietary information such as
food they had for breakfast, lunch, snack, and dinner, step counts, exercise menu, sleep quality, and subjective mood.
Immediate after the users input their information, the app displays a recommendation for their input toward healthier
activity according to health education guideline in Japan. Time and contents of recommendation were also used in
the analysis. A total of 154,273 users were included in the analysis. Features are coded into 20 continuous and 260
dichotomous variables. Covariates were age, sex, target body mass index (BMI), target BMI, and answers to baseline

questionnaire.

(2 Off policy evaluation
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%, Z® random policy 7, 2V 7 7L v AL L7, EFl®d personalized logistic Thompson sampling (PLTS) I & %41
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(ITE) £ & O conditional average treatment effect (CATE) 123D BEREZITH EWVWIHIRTF T LTH 5, KHEEHR
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B L 72,
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EFGEE W) T BIET 2 70Is, HEEHEDOITE T 2 RICRABE AR ARMET LA 2= O FEfi§ % Hikk 2 A — b o
%6CTd % Circulatory Risk in Communities Study (CIRCS) ~#H T % LK ) BIEL 72, Wl LT, 2O HEE T
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HIRE# 13, 2022 SFD 7V 77 A MAEEGICIRIRE N, AWFEDIER L LT, D& ) SR ARBAEDIBZHiFL 7
BHME T HEWTITZE (2 B 1) 2 DR SR i & I REEINE O Bk IC 2\ T, Professor Mark van der Laan DE59 % UC Berkeley,
Center for Targeted Machine Learning and Causal Inference 2 CTHFE T ETH 5, AL I TR I N FiEIX, £
=7V T = HHVIPKEPHARICEB T 27— I L CGHEHT 2 2 L T2k L, it 752 P ETH %,
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