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Introduction
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The COVID-19 pandemic, declared by WHO on January 30, 
2020, has spread quickly around the world and is still 
having a strong impact on people's lifestyle in 2022

WHO Coronavirus (COVID-19) Dashboard With Vaccination Data 
https://covid19.who.int/ (accessed 2.28.22).

https://covid19.who.int/
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SOE: Epidemiological strategy to prevent the spread of infection

State of emergency (SOE) in Japan

The first SOE was implemented in April and 
May 2020, with the duration varying slightly 
by region

Affected people's daily activities: to refrain 
from going out unnecessarily; to reduce 
opening hours of restaurants; etc.

However, it was not compulsory

1st SOE
Apr-May. 2020
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Mental health burden in COVID-19

Pierce et al., 2021. 
Mental health responses to the COVID-19 pandemic: 
a latent class trajectory analysis using longitudinal 
UK data. 
The Lancet Psychiatry S2215036621001516. 
https://doi.org/10.1016/S2215-0366(21)00151-6

Population-based cohort study in UK
(n=19,763)

Mental health measured by General Health 
Questionnaire (GHQ)

Latent class mixed models (GLLAMM)

Poor/Deteriorating group:
female; younger; pre-existing mental; 
living in deprived region; Asian

39.3%

37.5%

12.0%

4.1%

7.0%

https://doi.org/10.1016/S2215-0366(21)00151-6
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Lower utilization of regular medical services 
during lockdown (SOE)
Moynihan et al., 2021. 
Impact of COVID-19 pandemic on utilisation of 
healthcare services: a systematic review. BMJ Open 
11, e045343. 
https://doi.org/10.1136/bmjopen-2020-045343

Systematic review: 
81 studies reporting the changes in 
healthcare utilization between 
pandemic and prepandemic periods

95.1% studies showed a reduction

Great reductions through March and 
April

https://doi.org/10.1136/bmjopen-2020-045343
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Mental disorder and suicide in Japan

Mental disorder is a disease that can 
lead to suicide.

Suicide rates in Japan are among the 
top five in OECD countries.

Suicide rates decreased in the first 
wave of the pandemic (-14%), but 
increased significantly in the second 
wave (+16%).

Risk factors analyzied by DID:
Female; children and adolescents

2nd wave
Jul-Oct. 2020

1st wave and others
Feb-Mar. 2020 
and Jun. 2020

State Of Emergency
Apr-May. 2020

Tanaka, T., Okamoto, S., 2021. 
Increase in suicide following an initial decline during the 
COVID-19 pandemic in Japan. 
Nat Hum Behav 5, 229–238. 
https://doi.org/10.1038/s41562-020-01042-z

https://doi.org/10.1038/s41562-020-01042-z
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Objectives of our study

1.
It is important to examine how SOE affect the utilization of 
mental health services in Japan, but to the best of our 
knowledge, no such study has been reported so far.

2.
Utilisation of medical service may be different before and 
after pandemic. Therefore, insurance companies need to 
obtain suggestions on the degree of discrepancy between 
the potential demand for medical (mental health) services 
and actual utilization.

1

2
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What is Causal Inference?
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Half of the Economics Nobel Prize 
(The Sveriges Riksbank Prize) in 
2021 was awarded for 
methodology of causal inference 
(Local Average Treatment Effect*).

The Sveriges Riksbank Prize in Economic Sciences in Memory of Alfred Nobel 2021. 
NobelPrize.org. Nobel Prize Outreach AB 2021. Wed. 13 Oct 2021. 
https://www.nobelprize.org/prizes/economic-sciences/2021/summary/
https://www.nobelprize.org/prizes/economic-sciences/2021/press-release/

Causal inference has become 
more prominent in recent years...

* Angrist, J.D., Imbens, G.W., Rubin, D.B., 1996. 
Identification of Causal Effects Using Instrumental Variables. 
Journal of the American Statistical Association 91, 444–455. 
https://doi.org/10.1080/01621459.1996.10476902

https://www.nobelprize.org/prizes/economic-sciences/2021/summary/
https://www.nobelprize.org/prizes/economic-sciences/2021/press-release/
https://doi.org/10.1080/01621459.1996.10476902


© JMDC Inc.
11

The Difference of Correlation and Causality

• Physics scores are positively correlated with 
econometrics scores

• It is not clear which is the cause and which is the 
consequence, whether high physics scores lead to 
high econometrics scores or high econometrics 
scores lead to high physics scores

Physics Econometrics

Physics score

Correlation (Association)
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Mathematical skill
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Mathematical skill Econometrics

• Mathematical skills and econometrics scores are 
positively correlated

• It is natural to assume that high mathematical skills 
lead to high scores in econometrics

• A cause and outcome relationship
Mathematical skill Score in econometrics

Causality (Causation)
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Intervention and Causal Inferece

Examples of interventions:

- Introduction of educational programs to improve actuarial skills

- Change in insurance products or launch of marketing advertisements

- Social structural changes

There are many possible interventions.

A Causal inference framework is useful to determine 
whether and how large the effect of an intervention is.

Manipulating a cause to change an outcome 
is called Intervention (Treatment).
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Selection Bias and RCT
Does an advanced course in Econometrics 
help improve exam scores?

Attended
(Treatment group)

Not attended
(Control group)

Excellent

Not excellent
To reduce the selection bias, 
a Randomized Controlled Trial (RCT) is 
necessary to randomly select the excellent 
and not-excellent students when selecting 
the treatment and control groups.

RCT

If the excellent students are more 
motivated and tend to take the course, a 
simple comparison of the exam results of 
those who took the course and those who 
did not will show a bias due to the way 
the sample was selected.

This is called Selection Bias.
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Difficulties in RCT

• From a business point of view, there are high implementation 
costs.
(e.g., not intervening with customers who would benefit from 
the intervention)

• In some cases, it is impossible to manage the intervention.
(e.g., Impact of Covid-19)

• RCT is not feasible when only historical observational data are 
available.
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Counterfactual Model

A

Outcome
of

Treatment
group

Outcome
of

Control
group

B

* Rubin, D.B., 1974. 
Estimating causal effects of treatments in randomized and nonrandomized studies. 
Journal of Educational Psychology 66, 688–701. 
https://doi.org/10.1037/h0037350

A framework proposed by Rubin of 
Harvard University in the 1970s*

Obserbed

Obserbed

Treated

Controled

Not
obserbed

Not
obserbed

Considering the value of an outcome variable under 
counterfactual assumptions, such as:

- What if person A, assigned to the treatment group, 
had been assigned to the control group?

- What if person B, assigned to the control group, 
had been assigned to the treatment group?

Variables that are unobserved but can be hypothesized 
in this way are called Potential Outcomes.

In Rubin's style of causal inference, causal 
effects are estimated using potential 
outcome variables.

https://doi.org/10.1037/h0037350
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Causal Inference in a Time-Series Intervention 
without a Control Group

post-interventionpre-intervention

ATT

Counterfactual time series
(Potential outcome time series)

Observed time series

Time

O
ut

co
m

e

Time point of intervention Examples of "Interventions without Control Group":

- Laws and regulations to be introduced all at 
once at some point

- Declaring a nationwide state of emergency due 
to the spread of Covid-19 (= our study case)

After the intervention, the Average Treatment 
effect on the Treated (ATT) is estimated for the 
intervention group under the hypothetical 
(counterfactual) assumption that there was no 
intervention.

ATT = (Observed Value)  -（Counterfactual Value）
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Causal Inference in
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Causal Impact package

Brodersen, K.H., Gallusser, F., Koehler, J., Remy, N., Scott, S.L., 2015. 
Inferring causal impact using Bayesian structural time-series models. 
Ann. Appl. Stat. 9. 
https://doi.org/10.1214/14-AOAS788

https://github.com/google/CausalImpact

Causal Impact
(ATT)

A framework for causal 
inference proposed by

 In conditions where RCTs are not possible, such as 
A/B testing, we can make counterfactual predictions 
and estimate the Causal Impact (ATT) at each time 
point (point-wise).

 Bayesian Structural Time Series (BSTS) model

- Can incorporate local trends, seasonality,
covariates

- Spike and slab prior distribution allows for 
covariate selection

- Bayesian Model Averaging suppresses overtraining

https://doi.org/10.1214/14-AOAS788
https://github.com/google/CausalImpact
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Causal Impact as a State Space Model

𝒚𝒚𝒕𝒕 = 𝝁𝝁𝒕𝒕 + 𝜸𝜸𝒕𝒕 + 𝜷𝜷𝑻𝑻𝐱𝐱𝒕𝒕 + 𝜺𝜺𝒕𝒕
𝜺𝜺𝒕𝒕 ~ 𝑵𝑵 𝟎𝟎,𝝈𝝈𝒚𝒚𝟐𝟐

Linear Gaussian State Space Model
observation equation

state equation

𝝁𝝁𝒕𝒕 = 𝝁𝝁𝒕𝒕−𝟏𝟏 + 𝜹𝜹𝒕𝒕−𝟏𝟏 + 𝜼𝜼𝝁𝝁,𝒕𝒕

𝜼𝜼𝝁𝝁,𝒕𝒕 ~ 𝑵𝑵 𝟎𝟎,𝝈𝝈𝝁𝝁𝟐𝟐

𝜹𝜹𝒕𝒕 = 𝜹𝜹𝒕𝒕−𝟏𝟏 + 𝜼𝜼𝜹𝜹,𝒕𝒕
𝜼𝜼𝜹𝜹,𝒕𝒕 ~ 𝑵𝑵 𝟎𝟎,𝝈𝝈𝜹𝜹𝟐𝟐

𝜸𝜸𝒕𝒕 = −∑𝒔𝒔=𝟏𝟏𝑺𝑺−𝟏𝟏 𝜸𝜸𝒕𝒕−𝒔𝒔 + 𝜼𝜼𝜸𝜸,𝒕𝒕
𝜼𝜼𝜸𝜸,𝒕𝒕 ~ 𝑵𝑵 𝟎𝟎,𝝈𝝈𝜸𝜸𝟐𝟐

From Fig.2, Brodersen et al., 2015

Local linear trend

Seasonality

covariates

Can incorporate local trends and seasonality

Covariates that are not affected by interventions can 
also be incorporated.

More expressive than time series models such as AR 
and ARIMA (AR and ARIMA are special forms of 
state space models)

The model can be constructed by adding or 
removing terms based on the model's goodness of 
fit.

https://research.google/pubs/pub41854/
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Easy to install since it's registered in CRAN!1

install.packages("CausalImpact")
library(CausalImpact)

2

Installment and simple example in

# ARIMA (1, 1, 1)
arima.config <- list(order = c(1, 1, 1), ar = 0.7, ma = 0.5)
x1 <- 100 + arima.sim(arima.config, n = 100)[1:100]
y <- 1.2 * x1 + 2 * rnorm(100)
y[71:100] <- y[71:100] + 10  # theoretical causal effect = 10

data <- cbind(y, x1)

# Do Causal Impact Analysis
pre.period <- c(1, 70)
post.period <- c(71, 100)
impact <- CausalImpact(data, pre.period, post.period)

# plot result
plot(impact)

Do naive Causal Impact with toy data. Timepoint of intervention

Theoretical Causal Effect
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Applying Causal Inference to
estimate the effect of Covid-19
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Covid-19 and Causal Inference

Covid-19 is regarded as an intervention to the whole world.

No Control groups, impossible to do RCT. 

However, with the help of Causal Impact, we can investigate ATT
without control groups.
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Estimating the effect on payment due to Covid-19
(Ex. Insurance for unemployment)

As an example, we focus on the number of mental disorder 
patients, which can be regarded as one of the proxies of 
payment from insurance for unemployment. 

In the press, the effect of state of emergency on mental 
disorder due to Covid-19 is not clear.

We use JMDC Claims Database to acquire the time-series of 
the patient number and expenditures, then utilize Causal 
Impact to visualize the ATT. 
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Data
 We use JMDC Claims Database (JMDC-DB) provided by JMDC Inc.

 JMDC-DB consists of Japanese health insurance association members
(as of 2020/8, over 10 million member's data is available).

 From the database, we can track each member's medical 
information on a monthly basis (diagnostics, visits for medical 
institutions, medical expenditures, medication, medical treatment, 
etc.) .

 In this study, we analyze those who have belonged to the database 
for five years consecutively (from 2016/1 to 2020/12, about 3.1 
million people).
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Methodology

 To be consistent with the cause for insurance claims payment, 
"new patients for mental disorder" are subject to analysis.

（New patient is defined as those who have not been seen for
mental disorder in the previous year. ）

 We evaluate the increase or decrease in the mental disorder 
patients after 202002. 

 The change is compared to the patients for all diseases.

 Also, we investigate medical expenditures to check severities.
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Methodology
 Since it is pointed out that female, younger people are more 

vulnerable to the pandemics 1, we conduct another analysis for them.

 Also, to investigate the regional difference of effects due to the 
pandemics 2, we divide the region by the SOE term (longer/shorter) 
and compare the results.

 Overview of Analysis 
• Analysis period: 201701～202012
• Intervention by Covid-19: 202002
• Method: Causal Impact (R version 4.1.1) (with seasonality)

[1]
Tanaka, T., Okamoto, S., 2021. 
Increase in suicide following an initial decline during the COVID-19 
pandemic in Japan. 
Nat Hum Behav 5, 229–238. 
https://doi.org/10.1038/s41562-020-01042-z

[2]
Carr, M.J., Steeg, S., Webb, R.T., Kapur, N., Chew-Graham, C.A., 
Abel, K.M., Hope, H., Pierce, M., Ashcroft, D.M., 2021. Effects of 
the COVID-19 pandemic on primary care-recorded mental illness 
and self-harm episodes in the UK: a population-based cohort study. 
The Lancet Public Health 6, e124–e135. 
https://doi.org/10.1016/s2468-2667(20)30288-7

https://doi.org/10.1038/s41562-020-01042-z
https://doi.org/10.1016/s2468-2667(20)30288-7
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Results

 All diseases patients

 Mental disorder patients

 Mental disorder expenditures

 Mental disorder patients (Women under 20 years old)

 Mental disorder patients (Comparison by region)
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All diseases patients  The solid line in Fig. A 
shows the counterfactual 
patient number. The 
difference between the 
real patient number 
(dotted line) is in Fig. B.

 Looking at Point-wise 
causal impact (Fig. B), the 
number of patients 
sharply dropped during 
the SOE period (4/20, 
5/20) 

 Point-wise causal impact 
is not above zero after the 
SOE (6/20-), and 
Cumulative causal impact 
is negative as of 12/20. 
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Mental disorder patients
 Unlike the number of 

patients of all diseases, a 
sharp rise after the SOE is 
observed, especially after 
9/22.

 The rise can be 
interpreted as those who 
refrained from seeing 
doctors for mental 
disorders due to the SOE 
saw doctors after the 
term.

 Cumulative causal impact 
is negative, but much 
higher than that of all 
diseases.
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Mental disorder expenditure

 The following rise after 
the SOE period is higher 
in expenditure, compared 
to the patient.

 This implies severity of 
the mental disorder 
patients is higher than the 
severity before the SOE. 
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Mental disorder patients (Women under 20 years old)

 Looking at Point-wise 
causal impact, the rise of 
the number of women 
patients under 20 years 
old after the SOE is much 
higher than all patients. 

 Cumulative effect is 
positive, which means the 
visits to the  doctor were 
not only postponed but 
the demand itself has 
risen.
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Mental disorder patients (Comparison by region)

 The region with a longer 
SOE period (including 
Tokyo) experienced a 
more drop during the SOE. 

 However, the rise after 
the SOE is not different 
between the two regions. 
Moreover, cumulative 
causal impacts were 
almost the same.
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Discussion
 The number of all diseases patients dropped sharply during the 

SOE, and the following increase was not found.

 As for the number of mental disorder patients, the decrease was 
found during the SOE but followed by the acute increase. 
Therefore, postponement of payment is implicated.

 Moreover, the increase of expenditure after the SOE was greater, 
implicating the severity of mental illness increased.

Postponed payment during the SOE can be estimated by the 
quantified cumulative causal impact.

This method is also applicable for other insurance payments
(with data in insurance companies, the estimate will be more direct).
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Discussion
 For women under 20 years old, who are reported to be more 

vulnerable under pandemics, the following rise after the SOE 
was sharper and the cumulative causal impact was positive.

 We have also conducted the analysis by region with the 
different SOE periods; however, the difference was not 
apparent.

Analysis layered by key factors (ex. gender, age) can be useful 
to get a more informative insight. 

In this analysis, the difference in the region is not apparent. 
However, it could be different between nations. Further study 
is needed in this point. 
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Other applications of 
Causal Impact
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Application of Causal Impact to Insurance Companies

Changes in management policies made by insurance companies 
are difficult to evaluate by RCTs.

For example, it is not practical to change sales incentives only for 
some randomly and measure the impact on new contracts by 
RCTs.

This is also true for society-wide changes such as Covid-19.

Even in such cases, the effect of intervention (ATT) can be 
measured by Causal Impact.
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Examples
It would be possible to make quantitative evaluations of the following 
changes in management policies and the business environment

 Change in sales incentives (→ sales)

 Change in insurance products (→ sales, morbidity rate)

 Change in policyholder dividend (→ sales, churn rate)

 Changes in economic conditions (→ sales, churn rate)

However, these changes often occur simultaneously, and it is difficult 
to estimate the effect of interventions with simple Causal Impact.

The use of covariates can solve the problem in some cases.
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Ex. Product revision in bancassurance
 In this example, a company made product revision at the 36th month. 
 Historical data shows that premium is correlated with interest rates, 

and interest rates have been rising since the 36th month.
Using the interest rate as a covariate, we can estimate the effect of 
the intervention(product revision) offsetting the impact of the 
interest rate.
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Ex. Product revision in bancassurance
 The result of Causal Impact with the covariate (interest rate) is below.
 It tells that for about 6 months after the product revision, the effect 

on the premium is evident.
Using covariates, intervention effects can be estimated in complex 
cases.
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Example of Covariates
Possible covariates of sales volume, churn rate, and morbidity 
rate include the following. You can use multiple covariables.

 Proxy variables for economic conditions (stock price, interest 
rate)

 Industry average sales volume or sales volume of a similar 
company (The same goes for churn and morbidity rates.)

Note that covariates must not be affected by the intervention.
(For instance, if an intervening event is the product revision, 
using the number of accesses to the website may not be 
appropriate, since the number of accesses to the site may also 
be affected by the product revision.)
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yuji.hiramatsu.pari@gmail.com 

fendo@jmdc.co.jp

(the link to the github containing relevant R code will be added here)
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