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Abstract

Aim: To determine the patterns of concomitant drug use for chronic diseases and examine the risk
factors of polypharmacy in clder outpatients.

Methods: Data were extracted from an anonymized health insurance claims database of a public
insurance program for older adults in Tokyo, Japan. We analyzed individuals aged =75 years who had
visited an outpatient clinic, and were regularly prescribed orally administered drugs for chronic
diseases for =14 days between May and August 2014. The prescription patterns for 16 main drug
types were studied using exploratory factor analysis, and the risk factors of polypharmacy, defined as
the concomitant prescription of five or more drugs, were identified using multivariate logistic
regression models.

Results: A total of 1 094 199 outpatients were analyzed (mean age 81.8 years, 38.4% men). We
identified five prescription patterns that explained almost 40% of all observed variance: edema/heart
failure/atrial fibrillation-related drugs, insomnia/anxiety-related drugs, pain-related drugs, lifestyle
disease-related drugs and dementia-related drugs. The significant risk factors of polypharmacy
included men, octogenarians and nonagenarians, higher number of medical institutions visited, use of
physician home visits, and hospitalization during the study pericd. The main drug types most strongly
associated with polypharmacy were analgesics, diuretics and antidiabetics.

Conclusions: Polypharmacy was found to be prevalent in older outpatients aged =75 years in Tokyo.
These findings might provide useful evidence that can contribute to the development of practical
countermeasures against adverse events associated with polypharmacy in clinical practice. Geriatr
Gerontol Int 2020; 20: 304-311.

Keywords: Japan; clder adults; polypharmacy; prescription patterns; risk factors.

20 Japan Geriatrics Society.
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m OR (Odds Ratio)

Diseased  Healthy
Exposed 20 380
Not exposed 6 594
Dgp/H 20/380  .053
Odds ratio = 5/Hp = / ~

Dy /Hy

6/594 010

5.3 .
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m Randomized Response (RR)
Pr[RR(z)=y] _p

_:eE

Pr[RR(z') =y] ¢
RR
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inputx outputy
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m ZRTT—H
0 2 DEFHBELTNDG, BREDTF—FEMLT

DHEZE
Q EFRBOARITHEKIZH L THEHE AW IHERL
TLZFED

Q FEZER] (Eg. n=104, d=10)

o Dimensionality w 1 2 3 4 5

# responders
° per marginal 103 | 102 | 10 | 1 0
° Jo ° n/dw
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m GRR m RR-Ind-Joint
Qd=d,d, =4 Qd; =d; =2
Qe=1log3 Qe=1log3
00Q=0Q,;xQ, 3/4 1/4 3/4 1/4
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. . £#8&& (n=399,120) RT77—<L— (n=136,225)
70I;I\J ,7 i,:]y E_z {;_égg) §§ % N % mean | std N % mean | std
ﬁi S RE N2 F# | 399,120 744| 68| 136,225 76.4| 7.4
EED34.1% N R)IT7—< B4 177,879 | 44.6 64828| 476
,— =i 221,241 | 55.4 71,397 524
B mEﬁ@ HHBENEIL, & 73;;% ;J_/_\ 134,503 | 33.7 66,034 | 485
é&%“;u &t TN SMERE | 242,266 | 60.7 102,034 | 74.9
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polypharmacy proportion by sex

Proportion(%)

0 Average:74. verage:76.4
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Frequency

50000 100000 150000

0

No (healthly) |Polyfamapcy [N rate
kojin_id 9.7491E+11| 3.5932E+11
sex_code 412739 207622
age 19279224 10403792
bmi 6088227| 3250274.21
count 614277 1003560
Z D3 R TDAE A EH 14714 27955 42669 0.11
Z DAth O AR ##E4E B EH 5531 12950 18481 0.05
AL LiEiFl 71343 62970 134313 0.34
E2z % 27016 39680 66696 0.17
N —5E B 10347, 20967 31314 0.08
M 20 0 M ;J;; T T RAE 74414 66034 140444 035
count BRESLUGE EHF 12856 29589 42445 0.11
%g;’jg@%ﬂ VEVRIB & 5515 ss2d 11339 003
2 BRA1/LFaRTFO/RFH| 1998 4616 6614 0.02
EHRAMERFIUA 19803 22899 42702 0.11
FI pRA 4566 12485 17051 0.04
FIEFIE LU R ES] 3216 5211 8427 0.02
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OR & RR

I EIR
O ]j |:|I Diseased  Healthy
Exposed 20 380
Not exposed 6 594

Relative risk = — _ _ _5
O *E X‘:I U Z Dy/(Dy +Hy) Dy/Vy  6/600 .01
. 4

Dp/Hp  20/380  .053
Dy/Hy  6/594  .010

Odds ratio = =5.3.
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m multiple datasets with pseudonym

Healthcare

Data N Description # records # att. e.g.
el A Annual Height
Medical 198,740 diagnosis 964,636 49 relght,
S weight, age
examination results
ZELtEIH Hospital's
Insurance 288,568 electronic 39,363,878 15 ICD-10
claims records \"'
EZRLtETH .
Pharmacy | 279,199 Pr;‘;‘gf(‘jc;’s 31465504 21| ATC
Claims ; I
Daily step —
JF;;—‘;E . | 58655| counts, by 964,636 3| 5602 B
- P Smartphone

Hiroaki Kikuchi,et.al, Diseases Prediction from Officially Anonymized Medical and
Healthcare Big Data, 2022 IEEE International Conference on Big Data (Big Data), pp. 1-11,
2022.
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m Variational Auto m Bayesian Ridge
Encoder M| FR Regression®D;E

f=0.5

LASSO 4-way U, U u m
1 2 d
VAE 4-way w @[ - [w ] o1

LASSO 3-way e el l l ﬂ 1
VAE 3-way (L X T T "5: uf: - “f;“» -
LASSO 2-way POKN . -
VAE 2-way_ mom,
0.0 0.2 0.4 0.6 0.8 1.0 __ | NI
aD ¢ Bhnpn Ly 1l Emputing
Comparison of VAE and Baseline :E tlojol ;l“ e
Algorithm (LASSO) on Adults Candidue i e
Dataset with a 0.5 probability of bit
value change Central Server Block Diagram
Hernandez-Matamoros, A., Kikuchi, H. ”"New LDP Approach Hernandez-Matamoros and H. Kikuchi, "An Efficient
Using VAE”, . In: Li, S., Manulis, M., Miyaji, A. (eds) Network Local Differential Privacy Scheme Using Bayesian
and System Security. NSS 2023, Lecture Notes in Computer Ridge Regression," in 2023 20th Annual International
Science, vol. 13983, Springer, pp.177-191, 2023 Conference on Privacy, Security and Trust (PST),

22



Code

m  Demo_Castell April _2024.ipynb (Jupyter notebook)

Q

Q

Q

Libraries
» Importing necessary libraries

I m D 0 rt d at aS et We are excluding numerical data and only working with categorical data

» Input dataset csv file, output dataset dataframe

Functions
» PrObabllltv matriX Create matrix with probabilities of randomization
¢ Input privacy budget and elements in attribute, output probability matrix

C I | ent (R an d Om |Zat |0 n) Adding noise into empirical probabilities of the observed values

» Input dataset, privacy budget and number of attributes, output noisy dataset
SerV er (EStIm at | 0 n) Adding noise into empirical probabilities of the observed values

» Input noisy dataset and privacy budget, output estimation of joint probability distribution
Computing AVD Adding noise into empirical probabilities of the observed values

» Input real and estimated joint probability distribution, output AVD distance
Experiments Client (Randomization)+Server (Estimation)

» AVD vs PrivacyBudget
¢ Input number of iterations, w-joint probability distribution , dataset, set of privacy budget
¢ output Figure 'AVDvsWway-eps="+str(eps)+'.png’

» AVD vs w-Way
¢ Input number of iterations, privacy budget, dataset,set of w-joint probability distribution
¢ output Figure 'AVDvsWway-eps="+str(eps)+'.png’




Import dataset

Dataset with numerical and categorical data

age workclass  education
8 39 State-gov  Bachelors
1 50 Self-emp-not-inc Bachelors
2 38 Private HS-grad
3 53 Private 11th
4 28 Private Bachelors
45217 33 Private Bachelors
45218 39 Private Bachelors
45219 38 Private Bachelors
45220 44 Private Bachelors
45221 35 Self-emp-inc  Bachelors
occupation relationship
2} Adm-clerical Not-in-family
1 Exec-managerial Husband
2 Handlers-cleaners Not-in-family
3 Handlers-cleaners Husband
4 Prof-specialty Wife
45217 Prof-specialty Own-child
45218 Prof-specialty Not-in-family
45219 Prof-specialty Husband
45220 Adm-clerical Own-child
45221 Exec-managerial Husband
capital-gain capital-loss
(/] 2174 ]
1 (] -]
2 ] /]
3 (] ]
4 @ ]
45217 ] /]
45218 (‘] ]
45219 [} ]
45220 5455 4]
45221 ] /]

[45222 rows x 13 columns]

hours—per-week

marital-status
Never-married
Married-civ-spouse
Divorced
Married-civ-spouse
Married-civ-spouse

Never-married
Divorced
Married-civ-spouse
Divorced
Married-civ-spouse

race
White
white
White
Black
Black
White
White
White
Asian-Pac-Islander
White

\

native-country

40 United-States
13 United-States
4@ United-States
4@ United-States
40 Cuba

40  United-States
36 United-States
50 United-States
40 United-States
60 United-States

sex
Male
Male
Male
Male
Female
Male
Female
Male
Male
Male

salary
<=50K
<=50K
<=58K
<=5@K
<=50K
<=58K
<=50K
<=50K
<=58K
>58K

raw_data = pd.read_csv('Adults.csv')

column_type=raw_data.dtypes.to_dict()#get type of data

#Eliminating n
drop_col=[]

umerical data

for col in raw_data.columns:
if 'int64'==column_typel[col]:

drop_c

ol.append(col)

raw_data=raw_data.drop(drop_col, axis=1) #raw data, only categorical data
for col in raw_data.columns:

raw_datalcol] = raw_datalcoll.astype('category')

Dataset only with categorical data

PWUWNR®

45217
45218
45219
45220
45221

PUWUNRS

45217
45218
45219
45220
45221

workclass
State-gov

Self-emp-not-inc

Private
Private
Private
Private
Private
Private
Private
Self-emp-inc

education
Bachelors
Bachelors
HS—-grad
11th
Bachelors
Bachelors
Bachelors
Bachelors
Bachelors
Bachelors

marital-status
Never-married
Married-civ-spouse
Divorced
Married-civ-spouse
Married-civ-spouse
Never-married
Divorced
Married-civ-spouse
Divorced
Married-civ-spouse

occupation
Adm-clerical
Exec-managerial
Handlers—cleaners
Handlers-cleaners
Prof-specialty
Prof-specialty
Prof-specialty
Prof-specialty
Adm-clerical
Exec-managerial

relationship
Not-in-family
Husband
Not-in-family
Husband

Wife
Own-child
Not-in-family
Husband
Own-child
Husband

Asian-Pac-Islander

[45222 rows x 9 columns]

race sex native-country salary
White Male United-States <=50K
White Male United-States <=50K
White Male United-States <=50K
Black Male United-States <=50K
Black Female Cuba <=50K
White Male United-States <=50K
White Female United-States <=50K
White Male United-States <=50K
Male United-States <=50K

White Male United-States >50K




Probability matrix

#Create a Matrix of Probabilities
#eps 1s privacy budget
#d is the number of elements in a specific attribute
def ProbabilityMatrix(eps=1, d=2):
p = np.exp(eps) / (np.exp(eps) + d - 1)
P = np.tile((1 - p) / (d = 1), d * d).reshape((d, d))
np.fill_diagonal(P, p)
return P

OO~ WNRE

Example of attribute of 3 elements
ProbabilityMatrix(eps=0.1, d=3)  ProbabilityMatrix(eps=1, d=3)

[[0.35591307 0.32204346 [[0.57611688 0.21194156
0.32204346] 0.21194156]
[0.32204346 0.35591307 [0.21194156 0.57611688
0.32204346] 0.21194156]
[0.32204346 0.32204346 [0.21194156 0.21194156

0.35591307]] 0.57611688]]
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Client (Randomization)

eps=0.5 # Specific Privacy budget

w=2# raw_data.shape[l] # attributes to estimate joint probability distribution

n = raw_data.shapel[@]# number of users

subset = raw_data.sample(n=w, axis=1)}# randomly select w attributes to estimate joint probability distribution

HARHBBRARHHBHHIS Running by Client A BB HH BRI : 4
### Adding noise into w attributes of raw_data using an specific privacy budget, eps #####
B
subset=subset.groupby(subset.columns.tolist()).size() # computed empirical distribution 1/3
subset=subset.unstack()# computes empirical distribution 2/3
subset[np.isnan(subset)] = @ # computes empirical distribution 3/3
index_name = subset.index.tolist()
column_names = subset.columns.tolist()
Realdata = pd.DataFrame(data=subset.values, index=index_name, columns=column_names)
print('Original Distribution')
print(Realdata)
k=1len(subset.shape)# number of attributes to estimate joint probability distribution
for i in range(k):
d = (subset.shape) [i1# computes number of elements in an attribute i
Pw = ProbabilityMatrix(eps=eps, d=d) #Computes Prebability Matrix of i attribute with eps
if i==0:
z = np.dot(Pw, subset) #Adding Noise into the data
RR_raw_data = z
if i==1:
z = np.dot(Pw, subset.T) #Adding Noise into the data
RR_raw_data=z.T
RR_raw_data = np.round(RR_raw_data)
print('Noised Distribution')
Noisydata = pd.DataFrame(data=RR_raw_data, index=index_name, columns=column_names)
print(Noisydata)

Original Distribution

Female Male
Amer-Indian-Eskimo 1 1
Asian-Pac-Islander 3 5
Black 11 25
Other 2 0
White 63 138
Noised Distribution
Female Male
Amer-Indian-Eskimo 1.0 1.0
Asian-Pac-Islander 4.0 4.0
Black 16.0 20.0
Other 1.0 1.0
White 91.0 110.0




Server (Estimation)

# Specific Privacy budget
#w attributes to estimate joint probability distribution
B
WA RS AR Running by Server Castell AR R R RS
Sk R e R N e R N e R R A R e R R R R R R R R e R R R S R R R R R S R e R
k=1len(RR_raw_data.shape)# number of attributes to estimate joint probability distribution
for i in range(k):
d = (RR_raw_data.shape) [i]# computes number of elements in an attribute i
Pw = ProbabilityMatrix(eps=eps, d=d)#Computes Probability Matrix of i attribute with eps
if i==0:
# np.linalg.inv(Pw) computes inverse of Pw
z = np.dot(np.linalg.inv(Pw), RR_raw_data) #dot product between Pw-1 and RR data
estimated = z
if i==1:
# np.linalg.inv(Pw) computes inverse of Pw
z = np.dot(np.linalg.inv(Pw), RR_raw_data.T)#dot product between Pw-1 and RR data
estimated=z.T
estimated = np.round(estimated)#added by aghm

print('Estimated Distribution')
Estimated = pd.DataFrame(data=estimated, index=index_name, columns=column_names)
print(Estimated)

Noised Distribution

Female Male
Amer-Indian-Eskimo 1.0 1.0
Asian-Pac-Islander 4.0 4.0
Black 16.0 20.0
Other 1.0 1.0
White 91.0 110.0
Estimated Distribution
Female Male
Amer-Indian-Eskimo 1.9 1.0
Asian-Pac-Islander 4.0 4.0
Black 10.0 26.0
Other 1.0 1.0
White 62.0 139.0




Computing AVD

Computing AVD
1 print(np.max(np.abs(estimated - subset.values)) / n) nis the number OfllSCI'S
0.004016064257028112 Subset is real joint probability distributions
Estimated is the joint probability
Original Distribution Estimated Distribution . ’ by Castell
Female Male Female Male
Amer-Indian-Eskimo 1 1 Amer-Indian—-Eskimo 1.0 1.0
Asian-Pac-Islander 3 5 Asian-Pac-Islander 4.0 4.0
Black 11 25 Black 10.0 26.0
Other 2 Other 1.0 1.0
White 63 138 White 62.0 139.9 | The AVD between

the real joint Aprobability distributions II¢ and the estimated
distributions II is defined as

1 :
AVD = — sup |II° —II¢,
|A| %(CEC

where A is a power set of attributes such that C' has w distinct
attributes.



Experiments

AVD vs PrivacyBudget

m eps values =[0.5,
1, 2,4, 6, 8]

m iter=50

m W-joint probability
distribution=2

We repeat the Client (Randomization) and
Server (Estimation) process for six specific
privacy budgets and randomly select two
attributes to estimate their joint probability
distribution fifty times.

o
c
1]

AVD Distance

0.025 4

0.020 -

0.015 4

0.010 4

0.005 4

AVD vs g, with W-way=2

0.000 -




Experiments
AVD vs w-joint probability distribution

m iter=50
m eps=4#privacy bu ...

m W=[2,3,4#dimens;
probability distribts -

Dimensionality of joint probability distribution estimation
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