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・携帯電話はマナーモードに設定にしていただくか、電源をお切りください。 

 

・会場内での録音・録画はご遠慮ください。 
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さい。 

 

・他の会議場は別の用途で使用されているため、会場以外の会議室への立ち入りは禁止とさ 

 せていただきます。（ラウンジは利用可能です。） 

 

・再入場の際には名札を提示。 

 

・貴重品は常時身に着けるようにしてください。 



Estimating Survival-time treatment effects

from observational data

David M.Drukker

Stata Corp.

平成 27 年 8 月 20 日

概 要

この資料は 2015年 8月 28日金曜日に行われる 2015 Japanese Stata Users Group Meeting
における、David M.Drukkesのプレゼンテーション (英語)のポイントをまとめたものです。発表
の前にご一読いただき、問題意識を整理しておくことで、ユーザ会への参加を有意義なものにな
さってください。

問題意識: 過去に心臓発作の経験がある人にとって、喫煙習慣があると、次の心臓発作までの時間間

隔 ti はどのくらい短くなるのか?

データの概略

age:被験者の年齢 (平均からの偏差)
exercise:?(連続変数)
diet:?(連続変数)
smoke:喫煙習慣の有無
fail:failure eventは心臓発作の発生で 1、打ち切りの場合は 0.
atime:1回目から 2回目までの時間間隔 t

データ数:5000(tが分かっているデータ数:2,969, センサードデータが 2,031)
*事前資料には変数 exerciseと dietの説明がありませんでした。

比例ハザードモデルの推定

過去の知識で分析するとしたら、次のような比例ハザードモデルを推定します。

.stcox smoke age excercise diet

h (t) = h0 (t) exp (β1smoke + β2age + β3exercise + β4diet) (1)

smokeのハザード比は 1.54で z値は 8.70で有意となる。
ところで、

• ハザード比の単位は?
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• 変数間に交互作用があるとしたら、ハザード比の解釈はどうなる?

• smokeの有無による τ の差の平均 ATEが分かれば、直感的にハザード比よりも理解しやすい
のではないか?

ATE = E [ti (smoke) − ti (nonsmoke)] (2)

アウトカムが単純な連続変数ならば、stata13から用意された teffects psmatchが利用できる。し

かし、上記のデータセットはセンサードデータが存在する (サバイバルタイムデータ)。これを考慮
して、ATEを推定しなければならない。

回帰調整 (Regression Adjutsment)による処置効果の推定

サバイバルデータ用の傾向スコア分析コマンドとして stteffectsコマンドを用意した。実際のコマ
ンドは次のようなものである。

.stteffects ra (age excercise diet) (smoke)

これを実行すると、ATE = −1.520(年)となる。喫煙習慣があると再発までの期間が 1.5年、短く
なる。同時に、POmeanとして Nonsmokerの値が 4.057年と推定される。つまり、喫煙習慣がなけ
れば、再発までの期間の平均は 4.05年と推定される。

• オッズ比と比べたとき、どちらが直感的に分かりやすいか?

IPW(Inverse-probability estimator)の場合

.stteffects ipw (smoke age excercise diet) (age exercise diet)

これは回帰調整とほぼ同じような推定値を得る。

Quantile Treatment effects(QTE)

報告者 David Drukker作成の adoファイル mqgamma1による、分位点における処置効果の推定例。

問題意識 第１回目の心臓発作の後に、何らかの運動 (excercise)を習慣づけた人を想定する。比較
的心臓が丈夫な人は、この運動により健康になり、逆に、心臓に深刻な問題がある場合は、運

動による改善は見込めないとする。このとき、再び心臓発作が起こるという事象 yの確率分布

を考える。当然、喫煙習慣の有無によって、その確率分布の分布曲線 (横軸は ti,縦軸は再発の

確率)は異なる。ここでは、2つの分布曲線の違いから、分位点 (Quantile)ごとの ATEを求
める。

1このコマンドは標準のコマンドではありませんので、ado ファイルとしてインストールする必要があります。
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MEMO

Potential Outcome: 例えば、実際に処置を受けた人のアウトカムに対して、その人が処置を受け

ていない、としたときの潜在的なアウトカム。

Ratio of unconditional hazards: 処置効果の無条件ハザード比とは、

ht (Smoking Potential Outcome)
ht (Nonsmoking Potential Outcome)

以上

LightStone Corp.
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Estimating survival-time treatment e↵ects from

observational data

David M. Drukker

Director of Econometrics
Stata

Japanese Stata Users Group meeting
28 August 2015

What do we want to estimate?

A question

Is smoking bad for men who have already had a heart attack?

Too vague

Will smoking reduce the time to a second heart-attack among
men aged 45–55 who have already had a heart attack?

Less interesting, but more specific
There might even be data to help us answer this question
The data will be observational, not experimental
This question is about the time to an event, and such data are
commonly known as survival-time data or time-to-event data.
These data are nonnegative and, frequently, right-censored

1 / 39
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What do we want to estimate?

The data

. use sheart2
(Time to second heart attack (fictional))

. describe

Contains data from sheart2.dta
obs: 5,000 Time to second heart attack

(fictional)
vars: 6 11 Aug 2015 15:28
size: 120,000

storage display value
variable name type format label variable label

age float %9.0g Age (in decades, demeaned)
exercise float %9.0g Exercise index
diet float %9.0g Diet index
smoke float %9.0g lsmoke Smoking indicator
fail float %9.0g lfail Failure indicator
atime float %9.0g Time to second attack

Sorted by:

2 / 39

What do we want to estimate?

The data

. stset atime, failure(fail)

failure event: fail != 0 & fail < .
obs. time interval: (0, atime]
exit on or before: failure

5000 total observations
0 exclusions

5000 observations remaining, representing
2969 failures in single-record/single-failure data

10972.843 total analysis time at risk and under observation
at risk from t = 0

earliest observed entry t = 0
last observed exit t = 40.96622

. save sheart2, replace
file sheart2.dta saved

2,969 of the 5,000 observations record actual time to a second
heart attack; remainder were censored

3 / 39
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What do we want to estimate?

A Cox model for the treatment

Many researchers would start by fitting a Cox model

. stcox smoke age exercise diet , nolog noshow

Cox regression -- no ties

No. of subjects = 5,000 Number of obs = 5,000
No. of failures = 2,969
Time at risk = 10972.84266

LR chi2(4) = 271.77
Log likelihood = -21963.163 Prob > chi2 = 0.0000

_t Haz. Ratio Std. Err. z P>|z| [95% Conf. Interval]

smoke 1.540071 .0764791 8.70 0.000 1.397239 1.697505
age 2.024237 .1946491 7.33 0.000 1.676527 2.444062

exercise .5473001 .0454893 -7.25 0.000 .465026 .6441304
diet .4590354 .0379597 -9.42 0.000 .3903521 .5398037

Smoking increases the hazard of a second heart attack by a
factor of 1.5

4 / 39

What do we want to estimate?

A Cox model for the treatment

The Cox model models the probability that the event will occur
in the next moment given that it has not yet happened as a
function of covariates

The probability that the event will occur in the next moment
given that it has not yet happened and given covariates is
known as the conditional hazard function denoted by �(t|x)
The Cox model specifies that

�(t|x) = �0(t) exp(x�)

and only estimates �

Leaving �0(t) unspecified increases the flexibility of the model

5 / 39
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What do we want to estimate?

A Cox model for the treatment

Does the binary treatment smoke a↵ect the time to second
heart attack?

The hazard ratio reported by stcox indicates that smoking
raises the hazard of a second heart attack by a factor of 1.5
relative to not smoking

�(t|x, smoke = 1)

�(t|x, smoke = 0)
=

�0(t) exp(�
smoke

+ x

o

�
o

)

�0(t) exp(x
o

�
o

)
= exp(�

smoke

)

where x0�
o

= age�
age

+ exercise�
exercise

+ diet�
diet

6 / 39

What do we want to estimate?

The e↵ect varies

. stcox ibn.smoke#c.(age exercise diet) , nolog noshow

Cox regression -- no ties

No. of subjects = 5,000 Number of obs = 5,000
No. of failures = 2,969
Time at risk = 10972.84266

LR chi2(6) = 223.11
Log likelihood = -21987.493 Prob > chi2 = 0.0000

_t Haz. Ratio Std. Err. z P>|z| [95% Conf. Interval]

smoke#c.age
Nonsmoker 1.714749 .1751413 5.28 0.000 1.403655 2.094791

Smoker 3.979649 1.110035 4.95 0.000 2.303673 6.874936

smoke#
c.exercise
Nonsmoker .5514891 .0476827 -6.88 0.000 .4655224 .6533309

Smoker .2839313 .0822003 -4.35 0.000 .1609844 .5007752

smoke#c.diet
Nonsmoker .4461597 .0389598 -9.24 0.000 .3759769 .5294433

Smoker .6908017 .1785842 -1.43 0.152 .416201 1.146578

The ratio of the smoking hazard to the nonsmoking hazard
varies by age, exercise, and diet

7 / 39
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What do we want to estimate?

Problems with the Cox model

Two problems with the Cox model

1 It is hard to understand the units of the hazard ratio

How bad is it that smoking raises the hazard ratio by 1.5?

2 This interpretation is only useful if the treatment enters the x�
term linearly

If the treatment is interacted with other covariates, the e↵ect of
the treatment varies over individuals

The average di↵erence in time to second heart attack when
everyone smokes instead of when no one smokes

1 is easier to interpret
2 is easier to estimate

8 / 39

What do we want to estimate?

Doctors versus policy analysts

What can we do when the estimated e↵ects vary over covariate
values?

When an e↵ect varies over the values of other covariates, you
can estimate the e↵ect for a particular type of person or
estimate a population-level e↵ect

Doctors use covariate specific estimates
(They ask you many questions to learn your covariates.)
Policy analysts need to account for the how a policy will e↵ect
di↵erent people in the population
The discipline of the population distribution of the e↵ects keeps
them from picking winners or losers

9 / 39
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What do we want to estimate?

E↵ects that vary over individuals

For each individual, the e↵ect of the treatment is a contrast of
what would happen if the individual received the treatment
versus what would happen if the individual did not receive the
treatment

A potential outcome is the outcome an individual would receive
if given a specific treatment level
For each treatment level, there is a potential outcome for each
individual

. use sheart2_po
(Potential outcome time to second heart attack)

. list id atime_ns atime_s smoke atime in 21/25

id atime_ns atime_s smoke atime

21. 21 1.44135 .7616374 Nonsmoker 1.44135
22. 22 1.422631 1.422631 Smoker 1.422631
23. 23 4.264108 .3285356 Nonsmoker 4.264108
24. 24 1.533371 1.246619 Nonsmoker 1.533371
25. 25 .1929609 .1929609 Nonsmoker .1929609

10 / 39

What do we want to estimate?

Ratio of unconditional hazards

The hazard-ratio measure of the treatment e↵ect is the ratio of
the hazard of the smoking potential outcome to the hazard
nonsmoking potential outcome

The hazard-ratio measure of the treatment e↵ect is the ratio of
the hazard from the distribution when everyone smokes to the
hazard from the distribution when no one smokes
This ratio hazards of unconditional distributions is not the same
as an average of conditional hazard ratios (See Appendix 1)

11 / 39
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What do we want to estimate?

Average treatment e↵ect

Ratios of unconditional hazards are harder to estimate and more
di�cult to interpret than the average di↵erence in time to second
heart attack when everyone smokes instead of no one smokes

The average di↵erence in time to second heart attack when
everyone smokes instead of no one smokes is an average
treatment e↵ect (ATE)
ATE = E[t

i

(smoke)� t
i

(notsmoke)]
t
i

(smoke) is the time to event when person i smokes
and
t
i

(notsmoke)] is the time to event when person i does not
smoke

The ATE provides a measure of the e↵ect in the units of time in
which the time to event is measured

In our example, the ATE is measured in years

12 / 39

What do we want to estimate?

Average treatment e↵ect

Recall that one of the two potential outcomes is always missing

. use sheart2_po
(Potential outcome time to second heart attack)

. list id atime_ns atime_s smoke atime in 21/25

id atime_ns atime_s smoke atime

21. 21 1.44135 .7616374 Nonsmoker 1.44135
22. 22 1.422631 1.422631 Smoker 1.422631
23. 23 4.264108 .3285356 Nonsmoker 4.264108
24. 24 1.533371 1.246619 Nonsmoker 1.533371
25. 25 .1929609 .1929609 Nonsmoker .1929609

Potential outcomes are the data that we wish we had to
estimate causal treatment e↵ects

Estimating treatment e↵ects can be viewed as a missing-data
problem

13 / 39
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What do we want to estimate?

Average treatment e↵ect

If we had data on each potential outcome, the average di↵erence
in the (observed) potential outcomes would estimate the
population average treatment e↵ect

The average of a potential outcome in the population is known
as the potential-outcome mean (POM) for a treatment level

The ATE is a di↵erence in POMs

ATE = POM
smoke

� POM
nonsmoke

= E[t
i

(smoke)]� E[t
i

(notsmoke)]

t
i

(smoke) is the time to event when person i smokes
and
t
i

(notsmoke)] is the time to event when person i does not
smoke

14 / 39

What do we want to estimate?

Missing data

The “fundamental problem of causal inference” (Holland
(1986)) is that we only observe one of the potential outcomes

We can use the tricks of missing-data analysis to estimate
treatment e↵ects

For more about potential outcomes Rubin (1974), Holland
(1986), Heckman (1997), Imbens (2004), (Cameron and Trivedi,
2005, chapter 2.7), Imbens and Wooldridge (2009), and
(Wooldridge, 2010, chapter 21)

15 / 39
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What do we want to estimate?

Random-assignment case

If smoking were randomly assigned, the missing potential
outcome would be missing completely at random

If the time to second heart attack was never censored and
smoking was randomly assigned

1 The average time to second heart attack among smokers would
estimate the smoking POM

2 The average time to second heart attack among nonsmokers
would estimate the nonsmoking POM

3 The di↵erence in these estimated POMs would estimate the ATE

16 / 39

What do we want to estimate?

As good as random

Instead of assuming that the treatment is randomly assigned, we
assume that the treatment is as good as randomly assigned after
conditioning on covariates

Formally, this assumption is known as conditional independence

Even more formally, we only need conditional mean independence
(CMI) which says that after conditioning on covariates, the
treatment does not a↵ect the means of the potential outcomes

17 / 39
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Estimators: Overview

Choice of auxiliary model

Recall that the potential-outcomes framework formulates the
estimation of the ATE as a missing-data problem

We use the parameters of an auxiliary model to solve the
missing-data problem

The auxiliary model is how we condition on covariates so that
the treatment is as good as randomly assigned
The auxiliary model also handles the data lost to censoring

Model Estimator
outcome ! Regression adjustment (RA)

treatment ! Inverse-probability weighted (IPW)
outcome and treatment ! IPW RA (IPWRA)

18 / 39

Estimators: RA

Regression adjustment estimators

Regression adjustment (RA) estimators use predicted values
from the model for the time to event to solve the missing-data
problems

RA estimators estimate the parameters of separate survival
models for the outcome for each treatment level, then

The mean of the predicted times to second heart attack using
the estimated coe�cients from the model for smokers and all
the observations estimates the smoking POM

The mean of the predicted times to second heart attack using
the estimated coe�cients from the model for nonsmokers and
all the observations estimates the nonsmoking POM

The di↵erence between the estimated smoking POM and the
estimated nonsmoking POM estimates the ATE

Censoring is handled in the log likelihood functions of the
survival models

19 / 39
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Estimators: RA

. use sheart2
(Time to second heart attack (fictional))

. stteffects ra (age exercise diet) (smoke), nolog noshow

Survival treatment-effects estimation Number of obs = 5,000
Estimator : regression adjustment
Outcome model : Weibull
Treatment model: none
Censoring model: none

Robust
_t Coef. Std. Err. z P>|z| [95% Conf. Interval]

ATE
smoke

(Smoker
vs

Nonsmoker) -1.520671 .2011014 -7.56 0.000 -1.914822 -1.126519

POmean
smoke

Nonsmoker 4.057439 .1028462 39.45 0.000 3.855864 4.259014

The average time to second heart attack is 1.5 years sooner
when everyone in the population smokes instead of no one
smokes
The average time to second heart attack is 4.1 years when no
one smokes

20 / 39

Estimators: RA

. stteffects ra (age exercise diet, gamma) (smoke), nolog noshow

Survival treatment-effects estimation Number of obs = 5,000
Estimator : regression adjustment
Outcome model : gamma
Treatment model: none
Censoring model: none

Robust
_t Coef. Std. Err. z P>|z| [95% Conf. Interval]

ATE
smoke

(Smoker
vs

Nonsmoker) -1.616514 .177703 -9.10 0.000 -1.964805 -1.268222

POmean
smoke

Nonsmoker 4.014823 .0988662 40.61 0.000 3.821049 4.208598

Can model the outcome using either a gamma, exponential, or
log normal distribution instead of the default Weibull distribution

Can model the ancillary distribution parameters using
ancillary() option

21 / 39
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Estimators: IPW

Inverse-probability-weighted estimators

Inverse-probability-weighted (IPW) estimators:

IPW estimators weight observations on the observed outcome
variable by the inverse of the probability that it is observed to
account for the missingness process
Observations that are not likely to contain missing data get a
weight close to one; observations that are likely to contain
missing data get a weight larger than one, potentially much
larger

22 / 39

Estimators: IPW

Inverse-probability-weighted estimators

IPW estimators use estimates from models for the probability of
treatment and the probability of censoring to correct for the
missing potential outcome and the observations lost to censoring
In contrast, RA estimators model the outcome without any
assumptions about the functional form for the probability of
treatment model

RA estimators handle censoring in the log likelihood function

Handling censoring in the log likelihood function allows for fixed
censoring times

IPW estimators have a long history in statistics, biostatistics,
and econometrics

Horvitz and Thompson (1952) Robins and Rotnitzky (1995),
Robins et al. (1994), Robins et al. (1995), Imbens (2000),
Wooldridge (2002), Hirano et al. (2003), (Tsiatis, 2006, chapter
6), Wooldridge (2007) and (Wooldridge, 2010, chapters 19 and
21)23 / 39
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Estimators: IPW

. stteffects ipw (smoke age exercise diet) (age exercise diet), nolog noshow

Survival treatment-effects estimation Number of obs = 5,000
Estimator : inverse-probability weights
Outcome model : weighted mean
Treatment model: logit
Censoring model: Weibull

Robust
_t Coef. Std. Err. z P>|z| [95% Conf. Interval]

ATE
smoke

(Smoker
vs

Nonsmoker) -1.689397 .3373219 -5.01 0.000 -2.350536 -1.028258

POmean
smoke

Nonsmoker 4.200135 .2156737 19.47 0.000 3.777423 4.622848

The average time to second heart attack is 1.7 years sooner
when everyone in the population smokes instead of no one
smokes

The average time to second heart attack is 4.2 years when no
one smokes

24 / 39

Estimators: IPW

. stteffects ipw (smoke age exercise diet, logit) ///
> (age exercise diet, gamma), nolog noshow

Survival treatment-effects estimation Number of obs = 5,000
Estimator : inverse-probability weights
Outcome model : weighted mean
Treatment model: logit
Censoring model: gamma

Robust
_t Coef. Std. Err. z P>|z| [95% Conf. Interval]

ATE
smoke

(Smoker
vs

Nonsmoker) -1.922143 .4502077 -4.27 0.000 -2.804534 -1.039752

POmean
smoke

Nonsmoker 4.555551 .3345953 13.62 0.000 3.899756 5.211345

Can model treatment by probit, logit, or heteroskedastic probit

Can model censoring by Weibull, gamma, or log normal
Can model ancillary parameters
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Estimators: IPWRA

Combining IPW and RA

Inverse-probability-weighted regression-adjustment (IPWRA)
estimators combine models for the outcome and the treatment
to get more e�cient estimates

IPWRA estimators use the inverse of the estimated
treatment-probability weights to estimate missing-data-corrected
regression coe�cients that are subsequently used to estimate the
POMs

The ATE is estimated by a di↵erence in the estimated POMs

Censoring can be handled in the log likelihood function or by
modeling the censoring process

Handling censoring in the log likelihood function allows for fixed
censoring times

See Wooldridge (2007) and (Wooldridge, 2010, section 21.3.4)

26 / 39

Estimators: IPWRA

. stteffects ipwra (age exercise diet) (smoke age exercise diet) , nolog noshow

Survival treatment-effects estimation Number of obs = 5,000
Estimator : IPW regression adjustment
Outcome model : Weibull
Treatment model: logit
Censoring model: none

Robust
_t Coef. Std. Err. z P>|z| [95% Conf. Interval]

ATE
smoke

(Smoker
vs

Nonsmoker) -1.543315 .2027738 -7.61 0.000 -1.940744 -1.145885

POmean
smoke

Nonsmoker 4.064291 .1032385 39.37 0.000 3.861947 4.266634

The average time to second heart attack is 1.5 years sooner
when everyone in the population smokes instead of no one
smokes

The average time to second heart attack is 4.1 years when no
one smokes
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Estimators: IPWRA

. stteffects ipwra (age exercise diet) ///
> (smoke age exercise diet) ///
> (age exercise diet) , nolog noshow

Survival treatment-effects estimation Number of obs = 5,000
Estimator : IPW regression adjustment
Outcome model : Weibull
Treatment model: logit
Censoring model: Weibull

Robust
_t Coef. Std. Err. z P>|z| [95% Conf. Interval]

ATE
smoke

(Smoker
vs

Nonsmoker) -1.782505 .3091845 -5.77 0.000 -2.388495 -1.176514

POmean
smoke

Nonsmoker 4.233607 .2185565 19.37 0.000 3.805244 4.661969

This example models the censoring process instead handling it in
the log likelihood function for the outcome

Additional model choices as for RA and IPW estimators
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Quantile treatment e↵ects (QTE)

QTEs for survival data

Imagine a study that followed middle-aged men for two years
after su↵ering a heart attack

Does exercise a↵ect the time to a second heart attack?
Some observations on the time to second heart attack are
censored
Observational data implies that treatment allocation depends
on covariates
We use a model for the outcome to adjust for this dependence
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Quantile treatment e↵ects (QTE)

QTEs for survival data

Exercise could help individuals with relatively strong hearts but
not help those with weak hearts

For each treatment level, a strong-heart individual is in the .75
quantile of the marginal, over the covariates, distribution of time
to second heart attack

QTE(.75) is di↵erence in .75 marginal quantiles

Weak-heart individual would be in the .25 quantile of the
marginal distribution for each treatment level

QTE(.25) is di↵erence in .25 marginal quantiles

our story indicates that the QTE(.75) should be significantly
larger that the QTE(.25)
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Quantile treatment e↵ects (QTE)

What are QTEs?

CDF of yexercise →

← CDF of ynoexercise

q Ex
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1

Time to second attack
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Quantile treatment e↵ects (QTE)

Quantile Treatment e↵ects

We can easily estimate the marginal quantiles, but estimating
the quantile of the di↵erences is harder

We need a rank preservation assumption to ensure that quantile
of the di↵erences is the di↵erence in the quantiles

The ⌧(th) quantile of y1 minus the ⌧(th) quantile of y0 is not
the same as the ⌧(th) quantile of (y1 � y0) unless we impose a
rank-preservation assumption
Rank preservation means that the random shocks that a↵ect
the treated and the not-treated potential outcomes do not
change the rank of the individuals in the population

The rank of an individual in y1 is the same as the rank of that
individual in y0

Graphically, the horizontal lines must intersect the CDFs “at the
same individual”
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Quantile treatment e↵ects (QTE)

A regression-adjustment estimator for QTEs

Estimate the ✓1 parameters of F (y |x, t = 1, ✓1) the CDF
conditional on covariates and conditional on treatment level

Conditional independence implies that this conditional on
treatment level CDF estimates the CDF of the treated potential
outcome

Similarly, estimate the ✓0 parameters of F (y |x, t = 0, ✓0)
At the point y ,

1/N
NX

i=1

F (y |x
i

, b✓1)

estimates the marginal distribution of the treated potential
outcome
The bq1,.75 that solves

1/N
NX

i=1

F (bq1,.75|xi

, b✓1) = .75

estimates the .75 marginal quantile for the treated potential
outcome
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Quantile treatment e↵ects (QTE)

A regression-adjustment estimator for QTEs

The bq0,.75 that solves

1/N
NX

i=1

F (bq0,.75|xi

, b✓0) = .75

estimates the .75 marginal quantile for the control potential
outcome

bq1(.75)� bq0(.75) consistently estimates QTE(.75)

See Drukker (2014) for details
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Quantile treatment e↵ects (QTE)

mqgamma example

mqgamma is a user-written command documented in Drukker
(2014)

. ssc install mqgamma

. use exercise, clear

. mqgamma t active, treat(exercise) fail(fail) lns(health) quantile(.25 .75)
Iteration 0: EE criterion = .7032254
Iteration 1: EE criterion = .05262105
Iteration 2: EE criterion = .00028553
Iteration 3: EE criterion = 6.892e-07
Iteration 4: EE criterion = 4.706e-12
Iteration 5: EE criterion = 1.604e-22
Gamma marginal quantile estimation Number of obs = 2000

Robust
t Coef. Std. Err. z P>|z| [95% Conf. Interval]

q25_0
_cons .2151604 .0159611 13.48 0.000 .1838771 .2464436

q25_1
_cons .2612655 .0249856 10.46 0.000 .2122946 .3102364

q75_0
_cons 1.591147 .0725607 21.93 0.000 1.44893 1.733363

q75_1
_cons 2.510068 .1349917 18.59 0.000 2.245489 2.774647
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Quantile treatment e↵ects (QTE)

mqgamma example

. nlcom (_b[q25_1:_cons] - _b[q25_0:_cons]) ///
> (_b[q75_1:_cons] - _b[q75_0:_cons])

_nl_1: _b[q25_1:_cons] - _b[q25_0:_cons]
_nl_2: _b[q75_1:_cons] - _b[q75_0:_cons]

t Coef. Std. Err. z P>|z| [95% Conf. Interval]

_nl_1 .0461051 .0295846 1.56 0.119 -.0118796 .1040899
_nl_2 .9189214 .1529012 6.01 0.000 .6192405 1.218602
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Appendix

Appendix 1: Ratio of unconditional hazards

The ratio hazards of unconditional (marginal) distributions is not
the same as an average of conditional hazard ratio

�
smoke

(t)

�
nonsmoke

(t)
=

f

smoke

(t)
S

smoke

(t)

f

nonsmoke

(t)
S

nonsmoke

(t)

6= E


�

smoke

(t|x�
smoke

)

�
nonsmoke

(t|x�
nonsmoke

)

�

�
smoke

(t) is the unconditional hazard when everyone smokes
�

nonsmoke

(t) is the unconditional hazard when no one smokes
f
smoke

(t) is the unconditional density when everyone one smokes
f
nonsmoke

(t) is the unconditional density when no one smokes
S

smoke

(t) is the unconditional survival function when everyone smokes
S

nonsmoke

(t) is the unconditional survival function when no one smokes
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Appendix

Appendix 2: Why robust standard errors?

Have a multistep estimator

1 Example based on RA, same logic works for IPW and IPWRA

2 Model outcome conditional on covariates for treated
observations

3 Model outcome conditional on covariates for not treated
observations

4 Estimate predicted mean survival time of all observations given
covariates from treated model estimates

5 Estimate predicted mean survival time of all observations given
covariates from not-treated model estimates

6 Di↵erence in means of predicted means estimates ATE
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Appendix

Appendix 2: Why robust standard errors?

Each step can be obtained by solving moment conditions
yielding a method of moments estimator known as an estimating
equation (EE) estimator

m

i

(✓) is vector of moment equations and
m(✓) = 1/N

P
N

i=1 m

i

(✓)

The estimator for the variance-covariance matrix of the

estimator has the form 1/N(DMD 0) where D =
⇣

1
N

@m(✓)
@✓

⌘�1

and M = 1
N

P
N

i=1 m

i

(✓)m
i

(✓)

Stacked moments do not yield a symmetric D, so no
simplification under correct specification
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Stata14  

 
normal,lognormal,uniform,gamma,igamma,exponential,beta,chi2,jeffreys 

 
mvnormal,mvnormal0,zellnereg, zellnereg0, wishart,iwishart, jeffreys 

 
bernoulli,index, poisson 

Generic 
flat, density,logdensity 
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OLS 

change  0  groupgroup  ageage  

                                                                              
       _cons     -46.4565   6.936531    -6.70   0.000    -62.14803   -30.76498
         age     1.885892    .295335     6.39   0.000     1.217798    2.553986
       group     5.442621   1.796453     3.03   0.014     1.378763    9.506479
                                                                              
      change        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    718.263661        11  65.2966964   Root MSE        =    2.7966
                                                   Adj R-squared   =    0.8802
    Residual     70.388768         9  7.82097423   R-squared       =    0.9020
       Model    647.874893         2  323.937446   Prob > F        =    0.0000
                                                   F(2, 9)         =     41.42
      Source         SS           df       MS      Number of obs   =        12
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change  0  groupgroup  ageage  

3 (change)  

change  NX,2 

,2   1
2

noninformative Jeffreys prior 
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1 

                                                                              
         var    10.27946   5.541467   .338079   9.023905   3.980325   25.43771
                                                                              
       _cons   -46.49866    8.32077   .450432   -46.8483  -62.48236  -30.22105
         age      1.8873   .3514983   .019534   1.887856   1.184714   2.567883
       group    5.429677   2.007889   .083928   5.533821   1.157584   9.249262
change        
                                                                              
                    Mean   Std. Dev.     MCSE     Median  [95% Cred. Interval]
                                                              Equal-tailed
                                                                              
 MCMC Standard Error* 95%  
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1 

 .bayesmh  change group age,likelihood(normal({var}))   /// 
 prior({change:},flat) prior({var},jeffreys) 

likelihood( ) (normal)
 

prior( ) :  
flat: 1  

{  }  
 {var} 
jeffreys:  

3   

1/2
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1 

Log marginal likelihood = -24.703776                          max =     .05724
                                                              avg =     .03765
                                                 Efficiency:  min =     .02687
                                                 Acceptance rate  =      .1371
                                                 Number of obs    =         12
                                                 MCMC sample size =     10,000
Random-walk Metropolis-Hastings sampling         Burn-in          =      2,500
Bayesian normal regression                       MCMC iterations  =     12,500

MCMC
1

13.7% MH
30% 10%

 

:1%
MCMC
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.db bayesmh 

 .bayesmh  change group age,likelihood(normal({var}))   /// 
 prior({change:},flat) prior({var},jeffreys) 

var 
{var} 
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.db bayesmh 

 .bayesmh  change group age,likelihood(normal({var}))   /// 
 prior({change:},flat) prior({var},jeffreys) 

{change:} 
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.db bayesmh 

 .bayesmh  change group age,likelihood(normal({var}))   /// 
 prior({change:},flat) prior({var},jeffreys) 

{var} 
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|2   N0,2 

2  InvGamma2. 5, 2. 5

2 

change  0  groupgroup  ageage  

3  
( ) 
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         var    28.83438   10.53573   .545382   26.81462   14.75695    54.1965
                                                                              
       _cons   -6.838302   4.780343   .191005  -6.683556  -16.53356   2.495631
         age    .2710499   .2167863   .009413   .2657002  -.1556194   .7173697
       group    6.510807   2.812828   .129931    6.50829   .9605561   12.23164
change        
                                                                              
                    Mean   Std. Dev.     MCSE     Median  [95% Cred. Interval]
                                                              Equal-tailed
                                                                              
 
Log marginal likelihood = -49.744054                          max =     .06264
                                                              avg =     .04997
                                                 Efficiency:  min =     .03732
                                                 Acceptance rate  =      .1984
                                                 Number of obs    =         12
                                                 MCMC sample size =     10,000
Random-walk Metropolis-Hastings sampling         Burn-in          =      2,500
Bayesian normal regression                       MCMC iterations  =     12,500

2 

 .bayesmh  change group age,likelihood(normal({var}))   /// 
 prior({change:},normal(0,{var})) prior({var},igamma(2.5,2.5)) 
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bayesmh - (MH)

 
MH  

θ  

 

   1, ,p 
 y

 |y

Stata User Group Meeting Tokyo 2015 

 

Step1.  
 

0  1
0,2,

0 ,p
0

Step 2.      i  1
i,2,

i ,p
i i  0

Step 2a.  1
i1  1|2,

i , p
i, y

Step 2b.         2
i1

 2|1,
i13,

i ,p
i, y

Step 2c.               
 

3
i1  3|1,

i12,
i14,

i ,p
i, y

i+1
Step2  

i1  1
i1,2,

i1 ,p
i1
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θ  

K i, i1|y

  1
i1 |2,

i , p
i, y 

j2

p1

  j
i1 |1,

i1 ,  j1
i1,  j1

i , , p
i, y

  p
i1 |1,
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i1, y
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Step2. N N
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Step3. 
 

ii  N  1, , N  m
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MH  

 

Step1.                (proposal 
density)             

 

Step2. Step1
 

Step3. Step1  

i  
q,     i1

  ,   i1

i1  

,   
min

 |yq 
, 

|yq,  
, 1 |yq,    0

1 |yq,    0
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.set seed 14 
.bayesmh  change group age,likelihood(normal({var})) prior({change:},
zellnersg0(3,12,{var})) prior({var},igamma(0.5,4)) 

Log marginal likelihood = -35.356501                          max =     .02159
                                                              avg =     .02018
                                                 Efficiency:  min =      .0165
                                                 Acceptance rate  =     .06169
                                                 Number of obs    =         12
                                                 MCMC sample size =     10,000
Random-walk Metropolis-Hastings sampling         Burn-in          =      2,500
Bayesian normal regression                       MCMC iterations  =     12,500
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.bayesgraph diagnostics {change:group} 
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.bayesstats ess 

                                                    
         var       165.04        60.59        0.0165
                                                    
       _cons       212.01        47.17        0.0212
         age       214.39        46.64        0.0214
       group       215.93        46.31        0.0216
change        
                                                    
                      ESS   Corr. time    Efficiency
                                                    
 
Efficiency summaries    MCMC sample size =    10,000

ESS MCMC MCMC
 

* 1%
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MH  

 

 

block  

y  a  b  x  ,   N0,var
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.bayesmh  change group age,likelihood(normal({var})) prior({change:}, /// 
 zellnersg0(3,12,{var})) prior({var},igamma(0.5,4)) block({var}) ///
  saving(agegroup_simdata) 

 
Log marginal likelihood = -35.460606                          max =      .1443
                                                              avg =      .1056
                                                 Efficiency:  min =     .06694
                                                 Acceptance rate  =      .3232
                                                 Number of obs    =         12
                                                 MCMC sample size =     10,000
Random-walk Metropolis-Hastings sampling         Burn-in          =      2,500
Bayesian normal regression                       MCMC iterations  =     12,500

! 
MH AR

15% 50%  
.estimates store agegroup 
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.bayesgraph diagnostics {change:group} 
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age group ageXgr  

                                                                              
         var    11.72886    5.08428   .174612   10.68098   5.302265   24.89543
                                                                              
       _cons   -47.57742    13.4779    .55275  -47.44761  -74.64672  -20.78989
      ageXgr   -.2838718   .6985226   .028732   -.285647  -1.671354   1.159183
         age    1.939266   .5802772   .023359   1.938756   .7998007   3.091072
       group    11.94079   16.74992   .706542   12.13983  -22.31056   45.11963
change        
                                                                              
                    Mean   Std. Dev.     MCSE     Median  [95% Cred. Interval]
                                                              Equal-tailed
                                                                              

.set seed 14 

.bayesmh change group age ageXgr, likelihood(normal({var})) prior({change:}, /// 
 zellnersg0(4,12,{var})) prior({var},igamma(0.5,4)) block({var})  /// 
  saving(full_simdata) 
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. bayesstats ic full agegroup 

      using Laplace-Metropolis approximation.
Note: Marginal likelihood (ML) is computed
                                              
    agegroup     63.5884  -35.46061   1.277756
        full    65.03326  -36.73836          .
                                              
                     DIC    log(ML)    log(BF)
                                              

  

2  1. 28  2. 56

*2 agegroup (mild)
Kass and Raftery(1995) 
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Stata  
bayesmh 
bayesmh evaluators 
bayesmh postestimation 
bayesgraph 
bayesstats 
bayesstats ic 
bayesstats summary 
bayestest 
bayestest interval 
bayestest model 
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Stata  
Stata14 PDF  

[Bayes] Bayesian  Analysis Introduction 
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STATA
DATA MANAGEMENT

1

•

•

•
• "Trade Liberalization in Asia and FDI Strategies in Heterogeneous Firms: 

Evidence from Japanese Firm-level Data," (co-authored with Kazunobu
Hayakawa),  Oxford Economic Papers, 2015, 67(2), 494-513.

• "International Productivity Gaps and the Export Status of Firms: Evidence 
from France and Japan", (co-authored with Flora BELLONE, Kozo KIYOTA, 
Patrick MUSSO, Lionel NESTA), European Economic Review, 2014, 70, 
pp.56-74.

• Stata

2

 
-43-



Outline
•

•
• append, merge, joinby

•
• foreach, forvalues

•
• estpost, esttab, outreg2

•

3

•
•

•
•

•
•

•
•

• Data Management
→Stata

4
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• append

• : merge
• 1 1 one-to-one merge
• 1 one-to-many merge
• 1 meny-to-one merge

• Many-to-many : joinby

5

•
• append

use A.dta
append using B.dta

•
• merge ( ) using B.dta
• A B

A B

6
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Append
• file_c.dta file_d

file_c.dta file_d.dta

use file_c.dta
append file_d.dta

7

• file_c.dta file_d
file_c.dta file_d.dta

firm_id year

use file_c.dta
merge 1:1 firm_id year  using file_d.dta

Merge (one-to-one merge) (1)

8
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Merge (one-to-one merge) (2)

9

Merge (3)

“_merge” : merge

• A.dta
• B.dta
• A.dta B.dta

• merge

10
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Merge (many-to-one merge) (4)
• file_c.dta file_e

file_c.dta file_e.dta

year

use file_c.dta
merge m:1 year  using file_e.dta

11

Merge (many-to-one merge) (5)

12
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Many-to-many : joinby (1)
• Joinby : (A13-joingy.do)

joinby-a.dta joinby-b.dta

Merge year
many-to-many

13

Many-to-many : joinby (2)

use joinby-a.dta,clear
joinby year using join-b.dta
replace partner=partner==supplier

(firmid) (supplier)
partner

14
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• forvalues
• 1980 1 time2
→ i

gen time2=0
forvalues i=1980/2002 {
replace time2=`i'-1979 if year==`i'
}

• forvalues i=1980(2)2002: 

A8-repeat-command.do

15

• foreach
• v varlist

foreach v of varlist rent service age floor bus walk {
egen `v'_mean=mean(`v')
gen dif_`v'=`v'-`v'_mean
}

•

• foreach file in file_a.dta file_b.dta {
append using “`file’”
}

A8-repeat-command.do

16
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• User Written Program
• ssc
findit

•
• esttpost estout

•
• esttab estout
• outreg2

17

• estpost & esttab
(estout )

• sum
estpost sum ( )
esttab using ,cells(“mean sd max min”) nonumber

• cells: sum

• mean, sd, max, min
• mean(fmt(2))
• nonumber

18
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• tabstat
estpost tabstat ( )
esttab using ,cells(“ ”) unstack noobs 
nonumber

• cells: 
• unstack: 

• noobs: 

• nonumber: 

19

• correl
estpost correl ( ), matrix
esttab using , not unstack compress nostar
noobs

• not: 
• unstack: 
• compress: 
• noobs: 
• nostar: *

20
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• tabulate 
estpost tabstat ( )
esttab using , not unstack compress noobs
nolegend nonumber

• not: t
• unstack: 
• compress: 
• nooobs: 
• nolegend: *** **
• nonumber: 

21

: 
* sum
estpost sum rent service if year==1999
esttab using table-estpost.csv, ///
cells("mean(fmt(2)) sd(fmt(2)) min(fmt(2)) max(fmt(2))") nonumber noobs replace
* tabstat (1)
estpost tabstat rent service age walk,by(year) statistics(mean sd)
esttab using table-estpost.csv, ///
cells("rent(fmt(2)) service(fmt(2)) age(fmt(2)) walk(fmt(2))") noobs nonumber append
* tabstat (2)
estpost tabstat rent service ,by(year) statistics(mean sd max min) col(stat)
esttab using table-estpost.csv, ///
cells("mean(fmt(2)) sd(fmt(2)) max(fmt(2)) min(fmt(2))") noobs nonumber append
* correl
estpost corr rent floor age, matrix
esttab using table-estpost.csv, ///
not unstack compress noobs nonumber nostar append
* tabulate 
estpost tab auto_lock year
esttab using table-estpost.csv, ///
not unstack compress noobs nolegend nonumber append

A18-table-estpost.do

22
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23

• →

24
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25

:outreg2

• OUTREG2
reg y x1 x2
outreg2 using result1.xls,excel stats(coef tstat) replace
reg y x1 x2 x3
outreg2 using result1.xls,excel stats(coef tstat) append

• Probit/Logit
logit y x1 x2
margins, dydx(_all) post
outreg2 using result1.xls,excel stats(coef se) replace

replace

2
append

25

:outreg2

reg rent floor age distance
outreg2 using result1.xls,excel replace

reg rent floor age distance auto_lock
outreg2 using result1.xls,excel append

reg rent floor age distance auto_lock kozashibuya
shonandai mutsuai
outreg2 using result1.xls,excel append

chapter3-8.do

26

 
-55-



27

28
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:outreg2
•

• stats(coef tstat) →se
• dec(x): 
• excel: tex LaTex

• addstat(Adj R-squred, `e(r2_a)’, F-stat, `e(F)’)
•
• e(r2_a)

• e(x) ereturn list

29

30

:esttab

• esttab estout
eststo: reg y x1 x2
eststo: reg y x1 x2 x3
esttab using ex-estout1.csv, se ar2 scalars(F) replace
est clear

•
• CSV tex

LaTex
• r2: ar2:
• scalars(X): ereturn list
• est clear

30
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:esttab
eststo: reg rent floor age 

eststo: reg rent floor age distance auto_lock

* 
esttab using ex-estout1.csv, replace

* 
esttab using ex-estout2.csv, se ar2 scalars(F) replace

* 
eststo: reg rent i.year##c.floor age distance auto_lock
esttab using ex-estout3.csv, ar2 replace

eststo clear
A27-esttab.do

31

32
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:outreg2 v.s. esttab
• outreg2

• Excel
• factor variable

• esttab
• factor variable
•

•

33

• Mitchell, M., 2010, Data Management using Stata, 
A Practical Handbook, Stata press

• in Stata

•

https://sites.google.com/site/matsuuratoshiyuki/japanese-top/text-book

34

 
-59-



 

 
-60-



A study on the estimation bias 
caused by sample attrition

1

Contents
•
•
• Mechanisms of Missing Data
•
• Data
• Previous Research(Using KHPS)
• Empirical Example

• Reference
2
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Motivation
• ( )

(Attrition)

• Missing Data

3

Wave 1990
Panel

1991
Panel

1992
Panel

1993
Panel

1996
Panel

1 7.3 8.4 9.3 8.9 8.4
2 12.6 13.9 14.6 14.2 14.5
3 14.4 16.1 16.4 16.2 17.8
4 16.5 17.7 18 18.2 20.9
5 18.8 19.3 20.3 20.2 24.6
6 20.2 20.3 21.6 22.2 27.4
7 21.1 21 23 24.3 29.9
8 21.3 21.4 24.7 25.5 31.3
9 – – 26.2 26.9 32.8
10 – – 26.6 – 34
11 – – – – 35.1
12 – – – – 35.5

 Source: SIPP Quality Profile, 3rd Ed. (U.S. Census Bureau,
1998a).

 The Cumulative Noninterview Rate(SIPP)

Missing Data

“Unit nonresponse”: 
“unit”(

(Missing)

Ex. Attrition
“Item nonresponse”: 

Ex.

4
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Mechanisms of Missing Data
(Little and Rubin 2002)

Missing Completely At Random MCAR
j-1 

j 
(1)

Missing At Random MAR
MAR 

(2)
Non-ignorable Missing At No Random(MANR)

( ) 
(j-1 ) 

(j ) 

(3) 5

Dealing with Attrition

Complete Case Analysis

MCAR

Single Imputation
, (Last 

Observation Carried Forward:LOCF)
( )

(Hot-deck) MCAR Item 
Nonresponse

6
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Model Based Solutions
Selection Model (Heckman 1974, 1976, 1979)

2
1
2

( )
MAR

Nonresponse Weighting

probit model

weight MAR Horvitz and 
Thompson(1952), Robins, Rotnizky and Zhao(1995), 
Wooldridge(2002, 2007)

7

Multiple Imputation: Rubin(1987)
Propensity Score (Non-

)Parametric

M MAR
Partial Identification: Manski(1990, 1995, 

1997) 

8
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Data
•

(Keio Household Panel Survey
KHPS)

• : 20-69 ( 2
)

• 2004 1 ( )
• (2004 ) 4,000 1,400

(2007 ) 1,000 (2012 )
• : 

• http://www.pdrc.keio.ac.jp/open/

9

( )

10
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Previous Research(Using KHPS)
McKenzie et al. (2007) (2005) (2006)

→
(

)
( )

)

11

• (2006):

( )
(

Intensive Follow-up(Contact 
Effort)

• ( )
(

)
•

Random Assignment

12
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Empirical Research
• (Treatment Effect)

• (Treatment) Outcome

• (2004-08)

→T.G.
C.G

13

• Treatment Outcome( )

14
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• Treatment
([20],30,40,50,60 ), 

( ,[ ], , ,
) , , , ,

([1-29 ],30-99 ,100-499 ,500 -,
), ( ,[ ],

), (8 ),

15

Selection Model
=
=

16
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heckman Y T X, select(S= T X Z) twostep 
OLS Heckman

17

Dependent V. : Ln(wage), Independent V.: Training

Coefficient Std. Err. Coefficient Std. Err.
1 0.03960 0.01970 ** 0.03610 0.03680 8,163
2 0.03310 0.02090 0.02820 0.03630 7,412
3 0.05830 0.02180 *** 0.05470 0.02220 ** 6,813
4 0.07420 0.02250 *** 0.06940 0.02740 ** 6,288
5 0.05870 0.02650 ** 0.05390 0.02680 ** 4,497

 * p<0.05; ** p<0.01; *** p<0.001

OLS Heckman Obs

Weighting Model

=
predicted response rate ,

weight
=

probit S T X Z
predict pre_S
reg Y T X [pweight=1/pre_S]

18
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19

Dependent V. : Response
Coef. Std. Err. Coef. Std. Err.

(AGWE20) - regular -0.01361 0.03622
AGE30 0.25575 0.05404 *** retire 0.13114 0.16586
AGE40 0.36141 0.05596 *** d_born 0.08692 0.10413
AGE50 0.39004 0.05723 *** d_death 0.01499 0.24228
AGE60 0.33326 0.0594 *** d_marry 0.16511 0.17603
women 0.03424 0.0302 d_divorce -0.3206 0.2089

married_ 0.03416 0.03774 d_separation -0.53025 0.2542 **
nokids 0.16236 0.03561 *** d_independent 0.02155 0.15758

(health1 good) d_backhome -0.25193 0.22623
health2 0.01532 0.03913 move -0.06478 0.07211
health3 -0.04915 0.03624 own house 0.03567 0.03514
health4 -0.10247 0.05052 ** visit time -0.09585 0.01204 ***

health5 bad -0.42545 0.10534 *** first_visit_month 0.04696 0.02641 *
junior -0.12544 0.04418 *** weekday 0.01633 0.02912
(high) metropolice 0.03267 0.03251

vocational 0.01393 0.06856 (region)
colledge -0.00145 0.04147 rural -0.08883 0.04077 **

university 0.02459 0.03683 household inc -0.00011 4.1E-05 ***
scale1 1-29 area block Yes
scale2 30-99 0.01847 0.04858 _cons 1.41357 0.11291 ***

scale3 100-499 0.04669 0.04491
scale4 500- 0.02289 0.0427

scale5 public -0.06298 0.06777

Number of obs 20315
LR chi2(43) 282.45
Prob > chi2 0
Pseudo R2 0.0262

Log likelihood -5256.23
 * p<0.05; ** p<0.01; *** p<0.001

• Weighting Model(OLS, Panel )

20

Coefficient Std. Err.
1 0.04030 0.01740 ** 8,163
2 0.03500 0.01790 * 7,412
3 0.05900 0.01920 *** 6,813
4 0.07430 0.02000 *** 6,288
5 0.05900 0.02240 *** 4,497

 * p<0.05; ** p<0.01; *** p<0.001

Coefficient Std.Err. Coefficient Std.Err.
1 0.06400 0.01833 *** 0.06520 0.01834 *** 8,163
2 0.05210 0.01879 ** 0.05410 0.01880 ** 7,412
3 0.07650 0.02013 *** 0.07750 0.02017 *** 6,813
4 0.11060 0.02463 *** 0.11160 0.02474 *** 6,288
5 0.08290 0.02543 ** 0.08290 0.02547 ** 4,497

 * p<0.05; ** p<0.01; *** p<0.001

Obs

Weighted OLS Obs

Non-Weighted PANEL(R.E) Weighted PANEL(R.E)
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Bounds Model
( )

Manski(1989, 1990, 1995, 1997), Manski and 
Pepper(2000), Horowitz and Manski(2000),
(2015)

21

• Missing Data bounds
Horowitz and Manski(2000)

•
( )

22
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Horowitz and Manski(2000)
Treatment Effect
upper bounds

=P
P

lower bounds
=P
P

23

Lee(2009), DiNardo et al.(2006)
Sample Selection Indicator
• Treatment Group ( )

(=1) (=0)
• Control Group ( )

(=1) (=0)

24

Type

Observed Observed

Not Observed Observed

Observed Not Observed

Not Observed Not Observed

Source : DiNardo et al.(2006) p.16
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Treatment Group Control 
Group (

) Ex.

→
Treatment Group

Control Group

25

•
Treatment effect

Random Assignment of Treatment:  Treatment
Random

Monotonicity : treatment

26
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• (Non-Attriters)
Average Treatment Effect Bounds

•
→T.G. ( ) C.G. ( ) (T.G.

C.G. )
• (Monotonicity ) T.G.

(Treatment 
Group Control Group

)
• (Control Group Treatment Group

)

27

Lee(2009) Bounds

: 
28
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Treatment Group 60% Control Group
50%

Group ( )

= =
Control Group
Treatment Group 20%

treatment Group

Lower Bound Treatment group
20%( 80%)

control group treatment 
group 29

Narrowing bounds using covariates

•
bounds

( )
( )
=

DiNarido et al.(2006): Contact Effort
•

4
binary variable

30
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leebounds Y T 
leebounds Y T , tight(Z)

31

32

Coefficient Std.Err. z Number
of obs.

Number of
 selected

obs.

Trimming
porportion

1 lower 0.0161248 0.01997 0.81 8964 8163 0.0427
upper 0.1425082 0.01979 7.2 ***

2 lower 0.0044581 0.01972 0.23 8155 7412 0.0589
upper 0.164331 0.02043 8.04 ***

3 lower 0.0419339 0.02148 1.95 * 7491 6813 0.0557
upper 0.2022904 0.02142 9.44 ***

4 lower 0.0684036 0.02257 3.03 *** 6960 6288 0.0506
upper 0.2106991 0.02235 9.43 ***

5 lower 0.0531426 0.02564 2.07 ** 4997 4497 0.0583
upper 0.2096071 0.02597 8.07 ***

 * p<0.05; ** p<0.01; *** p<0.001
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33

Tightening

Coefficient Std.Err. z Number
of obs.

Number of
 selected

obs.

Trimming
porportion

1 lower 0.0183732 0.02027 0.91 8964 8163 0.0427
upper 0.1426816 0.02068 6.9 ***

2 lower 0.0058187 0.02009 0.29 8155 7412 0.0589
upper 0.1636401 0.02084 7.85 ***

3 lower 0.0446906 0.02218 2.01 ** 7491 6813 0.0557
upper 0.2008082 0.02192 9.16 ***

4 lower 0.0692268 0.02334 2.97 *** 6960 6288 0.0506
upper 0.2092511 0.02396 8.73 ***

5 lower 0.0580053 0.02736 2.12 ** 4997 4497 0.0583
upper 0.2085591 0.02729 7.64 ***

 * p<0.05; ** p<0.01; *** p<0.001

Reference
• (2002)
• (2015) :

2015
• (2007)

, , [ ] 77-98.
• McKenzie, C. R., , , (2007)

, ,
21 COE [ ]

,13-75.
• ,C.R. McKenzie, (2005) —

, 21 COE
[ ] ,43-91.

• , C.R.McKenzie, (2006)
, 21 COE

[ ] 9-52.

34
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New evidence on income 
distribution and economic growth

in Japan

2015/6/25

1

(1)
1980 2000

2000
2004,2006, 

2005, 2010 .)

2
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(2)

(1) ( )
(2) , (3) (4)

3

4

0.25

0.3

0.35

0.4

0.45

0.5

0.55

0.6

Survey on the Redistribution of
Income (Income Before
Redistribution)
Survey on the Redistribution of
Income (Income After
Redistribution)
the National Survey of Family
Income and Expenditure
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(1)
(1979~2010)
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11
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GMM

( )

1

13

(1) 

(2) 5 6 30

GMM

14
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15

3 GMM

Log
Income -0.314 -0.258 -0.331 -0.596 -0.598 -0.599 -0.574 -0.582 -0.575 

(.044)‡ (.024)‡ (.044)‡ (.063)‡ (.063)‡ (.065)‡ (.067)‡ (.067)‡ (.068)‡
Q3 0.386 -0.382 0.413 0.277 0.387 0.274 

(.219)† (.350) (.190)‡ (.326) (.196)‡ (.331)
Gini -0.177 -0.270 -0.125 -0.055 -0.114 -0.048 

(.069)‡ (.114)‡ (.061)‡ (.1074) (.064)† (.110)
High

School -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 

(.0005) (.0005) (.0005) (.001) (.001) (.001)
College 0.002 0.002 0.002 0.002 0.002 0.002 

(.001)‡ (.001)‡ (.001)‡ (.001)† (.001)† (.001)†
Urban -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 

(.0009) (.0008) (.0009) (.0009) (.0009) (.0009)
Old 0.000 0.000 0.000 0.001 0.001 0.001 

(.0014) (.0014) (.0015) (.0020) (.0020) (.0020)

16

Agriculture 0.002 0.001 0.001 0.002 0.001 0.002 
(.002) (.002) (.002) (.002) (.002) (.002)

Manufactur
-ing 0.003 0.003 0.003 0.002 0.002 0.002 

(.001)† (.001) (.001) (.001) (.001) (.001)
FinanIns
RealEst 0.021 0.022 0.021 0.021 0.022 0.021 

(.006)‡ (.006)‡ (.006)‡ (.006)‡ (.006)‡ (.006)‡
Governmen

t 0.009 0.010 0.009 0.010 0.011 0.010 

(.009) (.009) (.009) (.009) (.009) (.010)
Constant 1.164 0.739 1.421 1.881 1.743 1.809 1.833 1.755 1.735 

(.152)‡ (.110)‡ (.202)‡ (.238)‡ (.235)‡ (.271)‡ (.248)‡ (.240)‡ (.287)‡
N. obs. 188 188 188 188 188 188 188 188 188

Notes: standard errors in parentheses
Denotes a parameter which is significant at 10%, at 5%.
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(2)
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Q3

( )

(
Q3 3
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4 GMM
10/50 90/50 Gini and   Gini and  10/50 and Gini, 10/50

10/50   90/50 90/50 and 90/50

LogIncome -0.287 -0.262 -0.335 -0.346 -0.287 -0.348 
(.025) ‡ (.0238) ‡ (.0457) ‡ (.0446) ‡ (.0250) ‡ (.0473) ‡

10/50 0.031 0.016 0.027 -0.036 
(.0344) (.0352) (.0342) (.0447)

90/50 -0.007 0.014 -0.006 0.020 
(.0043) (.0090) (.0043) (.0117) †

Gini -0.143 -0.354 -0.461 
(.0718) ‡ (.1493) ‡ (.1990) ‡

Constant 0.912 0.956 1.142 1.329 0.971 1.323 

(.0841) ‡ (.0893) ‡ (.1534) ‡ (.1570) ‡ (.0904) ‡ (.1683) ‡

N. obs. 141 141 141 141 141 141
Notes: Robust standard errors in parentheses

Denotes a parameter which is significant at 10%; ‡ at 5%.

22

Gini 10/50 90/50 Gini and  Gini 
and     

10/50
and 

Gini, 10/50
And

10/50   90/50 90/50 90/50
LogIncome -0.596 -0.586 -0.605 -0.596 -0.606 -0.605 -0.607 

(.0632)‡ (.0638)‡ (.0632)‡ (.0641)‡ (.0653)‡ (.0644)‡ (.0670)‡
10/50 0.003 -0.013 0.005 0.020 

(.0321) (.0330) (.0319) (.0404)
90/50 -0.009 -0.012 -0.009 -0.016 

(.0038)‡ (.0090) (.0039)‡ (.01116)
Gini -0.125 -0.129 0.045 0.114 

(.0610)‡ (.0641)‡ (.1454) (.1834)
HighSchool -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 

(.0005) (.0005) (.0005) (.0005) (.00058) (.0005) (.0006)
College 0.002 0.002 0.002 0.002 0.002 0.002 0.002 

(.0009)‡ (.0009)‡ (.0008)‡ (.0009)‡ (.0009)‡ (.0009)‡ (.0009)
Urban -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 

(.0009) (.0009) (.0008) (.0009) (.0009) (.0009) (.0009)
Old 0.000 0.000 0.000 0.000 0.000 0.001 0.000 

(.0014) (.0014) (.0014) (.0015) (.0015) (.0014) (.0016)
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Agriculture 0.002 0.002 0.002 0.002 0.002 0.002 0.002 
(.0020) (.00212) (.0020) (.0021) (.0021) (.0021) (.0021)

Manufacturing 0.003 0.003 0.003 0.003 0.003 0.003 0.003 
(.0016)† (.0016)† (.0015)† (.0016)† (.0016)† (.0016)† (.0016)† 

FinanInsReal
Est 0.021 0.024 0.022 0.021 0.022 0.023 0.024 

(.0064)‡ (.0062)‡ (.0061)‡ (.0065)‡ (.0066)‡ (.0062)‡ (.0066)‡
Government 0.009 0.007 0.011 0.010 0.011 0.010 0.010 

(.0093) (.0095) (.0093) (.0095) (.0095) (0.009) (.0096)
Constant 1.881 1.798 1.881 1.893 1.886 1.877 1.872 

(.2380)‡ (.2389)‡ (.2355)‡ (.2442)‡ (.2423)‡ (.2409)‡ (.2459)‡
N. obs. 188 188 188 188 188 188 188

Notes: standard errors in parentheses
Denotes a parameter which is significant at 10%, at 5%.

24

6. GMM : 
Gini 10/50 90/50 Gini and  Gini 

and     
10/50 
and 

Gini, 
10/50

10/50   90/50 90/50
and 90/50

LogIncome -0.574 -0.569 -0.592 -0.570 -0.580 -0.591 -0.573 
(.067)‡ (.067)‡ (.067)‡ (.068)‡ (.067)‡ (.069)‡ (.069)‡

10/50 0.002 -0.013 0.004 0.027 
(.032) (.033) (.033) (.041)

90/50 -0.009 -0.013 -0.009 -0.019 
(.003)‡ (.009) (.004)‡ (.011)†

Gini -0.114 -0.117 0.072 0.176 
(.064)† (.067)† (.149) (.189)

HighSchool -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 
(.000) (.000) (.000) (.000) (.000) (.000) (.000)

College 0.002 0.002 0.002 0.002 0.002 0.002 0.002 
(.001)† (.001) (.001)† (.001)† (.001)† (.001)† (.001)†

Urban -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 
(.0009) (.0009) (.0009) (.0009) (.0009) (.0009) (.0009)

Old 0.001 0.001 0.001 0.001 0.001 0.001 0.001 
(.0020) (.0020) (.0020) (.0020) (.0020) (.0020) (.0021)
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Agriculture 0.002 0.001 0.001 0.002 0.002 0.001 0.002 
(.0022) (.0022) (.0022) (.0022) (.0022) (.0022) (.0022)

Manufactur-
ing 0.002 0.003 0.003 0.002 0.002 0.003 0.002 

(.0017) (.0017) (.0016) (.0018) (.0017) (.0017) (.0018)
FinanIns
RealEst 0.021 0.023 0.022 0.022 0.022 0.023 0.023 

(.006)‡ (.006)‡ (.006)‡ (.006)‡ (.006)‡ (.006)‡ (.006)‡
Government 0.010 0.008 0.012 0.011 0.010 0.012 0.011 

(.00983) (.0101) (.0098) (.0102) (.0100) (.0102) (.0102)
Constant 1.833 1.783 1.867 1.834 1.836 1.860 1.780 

(.248)‡ (.244)‡ (.245)‡ (.254)‡ (.246)‡ (.250)‡ (.250)‡
N. obs. 188 188 188 188 188 188 188

Notes: standard errors in parentheses

Denotes a parameter which is significant at 10%, † at 5%.

( )

1 5 90/50)

10 5 10/50)

26
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Sensitivity analysis

First-difference GMM 
GMM

29

GMM
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e.g. GDP
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x2
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6
x6

5
x5
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x7

9
x9

8
x8

x

s
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ω

,

latent

: 
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2 : 2 )

Default mode : 0
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PD

default
PD
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STATA gllamm (Generalized linear latent 
and mixed models)

adaptive Gaussian quadrature method

SE12.1 Core i7-3770 3.4GHz
1

10
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EOL (PRONEXUS INC., Japan)

3
3
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Risk factor Sign 

Company-specific
risk factors
(financial ratios)

Equity capital (logarithmic transformation; million yen) -
EBITDA (logarithmic transformation) -
ROA (%) -
Operating margin (%) -
Recurring profit margin (%) -
Accounts receivable turnover (month) -
Current ratio (%) -
Quick ratio (%) -
Fixed assets to fixed liability ratio (%) +
Capital adequacy ratio (%) -
Interest coverage ratio (%) -
Cashflow margin (%) -
Cashflow to current liabilities ratio (%) -

Macroeconomic
risk factors

Real GDP growth rate (s.a., p.q., annualized %) +/-
CPI Core (s.a., year-to-year basis; %) +/-
Overall unemployment rate (s.a., year-to-year basis; %) +/-
Overnight call rate (month end) - latest value (%) +/-
10-year JGB yield (month end) - latest value (%) +/-
10-year JGB yield (month end) - overnight call rate (month end) (%) +/-
10-year long-term JGB yield to subscribers - latest value (%) +/-
TOPIX (first section of Tokyo Stock Exchange, month-to-month basis) latest value +/-
Real private final consumption expenditure growth rate (s.a., p.q.; %) +/-

Sector-specific risk
factors

Construction factor +/-
Wholesale trade factor +/-
Real estate factor +/-

Variable Estimate S.E. z P>z (#) 
95%C.I. 

[lower, upper] 

0,1  Construction intercept -6.5393 1.3865 -4.72 0.000 -9.2569 -3.8217 

0,2  Wholesale intercept -7.5507 1.4273 -5.29 0.000 -10.3481 -4.7532 

0,3  Real estate intercept -6.8398 1.3464 -5.08 0.000 -9.4787 -4.2009 

1  Eq. capital (log trans.) -0.1400 0.0306 -4.57 0.000 -0.2001 -0.0800 

2  EBITDA (log trans.) -0.0638 0.0219 -2.92 0.004 -0.1067 -0.0209 

3  Current ratio -0.0281 0.0059 -4.76 0.000 -0.0396 -0.0165 

4  FATFL ratio  0.0022 0.0008 2.64 0.008 0.0006 0.0038 

1  CPI Core -1.0013 0.2902 -3.45 0.001 -1.5700 -0.4325 

2  Overall unemp. rate -0.0452 0.0212 -2.13 0.033 -0.0867 -0.0037 

3  Overnight call rate 3.0268 0.6328 4.78 0.000 1.7865 4.2671 

4  JGB yield-to-sub 2.7021 0.9164 2.95 0.003 0.9060 4.4981 

1  Construction factor 1.291E-18* 

For reference: log-likelihood = -505.15111 

2  Wholesale trade factor 2.377E-16* 

3  Real estate factor 9.079E-14* 

1,2  Const./Wholesale -0.9998* 

1,3  Const./Real estate -0.5852* 

2,3  Wholesale/Real estate 0.5969* 
 

201508 STATA User Meeting
(#)P *: 5%
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(#)P *: 5%

14

Variable Estimate S.E. z P>z (#) 
95%C.I. [lower, 
upper] 

0,1  Construction intercept -1.5900 0.4254 -3.74 0.000 -2.4237 -0.7562 

0,2  Wholesale intercept -2.5958 0.5108 -5.08 0.000 -3.5969 -1.5947 

0,3  Real estate intercept -1.9531 0.2991 -6.53 0.000 -2.5395 -1.3668 

1  Eq. capital (log trans.) -0.0821 0.0272 -3.02 0.003 -0.1355 -0.0287 

2  EBITDA (log trans.) -0.0648 0.0207 -3.13 0.002 -0.1054 -0.0243 

3  Current ratio -0.0310 0.0059 -5.26 0.000 -0.0426 -0.0195 

4  FATFL ratio  0.0013 0.0008 1.66 0.097 -0.0002 0.0029 

1  Construction factor 6.62E-20* 

For reference: log-likelihood=-538.48762 

2  Wholesale trade factor 4.48E-20* 

3  Real estate factor 7.76E-20* 

1,2  Const./Wholesale -0.7078* 

1,3  Const./Real estate 0.5778* 

2,3  Wholesale/Real estate -0.8064* 
 

5 66.67
P 0.0000

1%

201508 STATA User Meeting 15
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•
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16

Credit rating grade Range of credit scores 

G1 99.5 and  100 

G2 99  and  <99.5 

G3 98  and  <99 

G4 95  and  <98 

G5 90  and  <95 

G6 68  and  <90 

G7 0   and  <68 
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PD

, , : F
F F

PD

: F
F F

PD

2 PD

201508 STATA User Meeting 18
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Equity Capital (log trans) EBITDA (log trans) Current ratio FATFL ratio

Equity capital
(log trans)

EBITDA 
(log trans)

Current 
ratio (%)

FATFL ratio
(%)

3
2012 3 0.6 0.9 0.3 1.6

2012 3 2008 3 2012 3

25% 75%
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CPI - (%)

O/N (%) 10 JGB (%)

– (%)

2012 IMF FSAP
(IMF (2012a), IMF (2012b))

201508 STATA User Meeting

2011 9 World 
Economic Outlook : 
Baseline

4
(a)

GDP

: Double 
dip mild, Double dip severe

(b)
: Protracted growth

(c) W
: 

Global double dip 
mild+100bps market yield 
surge

21
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Sample 1: 

Sample 2: Sample 3: 

: ; : 

loss-given-default ( ,
)

exposure-at-default (=1)

:

*=
: 

99.9%
50

2012 3 31
402
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Stressed VaR=0.0626 Stressed VaR=0.4386Stressed VaR=0.3006

PD

1

STATA12 gllamm

gllamm
http://www.gllamm.org/
Rabe-Hesketh, S. and Skrondal, A. (2012). Multilevel 
and Longitudinal Modeling Using Stata, Third Edition, 
Vol I and II., Stata Press, College Station, TX.
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Masayasu Kanno (2014), “Macro Stress 
Test for Credit Risk,” submitted to a 
journal.
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E-mail
mkanno@kanagawa-u.ac.jp
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KF 3

1. SSM
2. STATA
3. STATA sspace
4. SATA

5. Sspace
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KF 11

  var(touden)    4.418089    .605491     7.30   0.000     3.231349     5.60483
   var(Level)    9.267277   2131.161     0.00   0.498            0    4186.267

       _cons   -.0036098   .0410136    -0.09   0.930    -.0839949    .0767753
       rm_rf    .5237199   .0262751    19.93  0.000     .4722216    .5752182
       Level    .4288969   49.31593     0.01   0.993    -96.22856    97.08635
touden

         L1.    .3433921   .0943849     3.64   0.000     .1584011    .5283832
       Level
Level

      touden       Coef.   Std. Err. z    P>|z| [95% Conf. Interval]
                 OIM

Log likelihood = -11633.217        Prob > chi2     =     0.0000
      Wald chi2(3)    =     417.52

Sample: 1 - 4977                     Number of obs   =       4977

State-space model

KF 12
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KF 26

 var(D.cpif0161b)    .0832895   .0090341     9.22   0.000      .065583     .100996
          var(mu)    2.83e-16          .        .       .            .           .

       cpif0161b    .6916874   .0729376     9.48   0.000     .5487324    .8346425
              mu    .6916874   .0729376     9.48   0.000     .5487324    .8346425
D.cpif0161b

           _cons    .0000278   .1615065     0.00   1.000     -.316519    .3165747

             L1.    .9927763    41.9052     0.02   0.981    -81.13992    83.12547
              mu
mu

       cpif0161b       Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval]
                 OIM

 ( 1)  [D.cpif0161b]mu - [D.cpif0161b]cpif0161b = 0
Log likelihood = -29.956949                       Prob > chi2     =     0.0000
                                                  Wald chi2(2)    =      89.93
Sample: 2001m1 - 2015m2                           Number of obs   =        170

State-space model
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(Rx ante)
Ex ante real interest rate

Hamilton, J.D: Time Series Analysis, 1994. Princeton University Press
pp.376
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The Theory of interest
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  var(real_i)    9.96e-14  .        .       .         .           .
       var(f)     .042672   .4950604     0.09 0.466    0    1.012973

       _cons    .3859764   .0682333     5.66  0.000     .2522416    .5197113
           f    .4471855   2.594091     0.17  0.863     -4.63714    5.531511
real_i

         L1.    .8643745   .0532104    16.24 0.000      .760084     .968665
           f
f

      real_i       Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval]
                 OIM

Log likelihood =  84.047142           Prob > chi2     =     0.0000
Wald chi2(2) =     263.91

Sample: 2005m1 - 2012m4             Number of obs   =         88

State-space model

Dynamic Factor Model of
term structure of interest rate

KF 34
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Dynamic Factor Model of
term structure of interest rate

KF 35

Dynamic Factor Model

KF 36

t t t

t t t

t t t

t t t

t t t

t t t

y a b f

y a b f

y a b f

y a b f

y a b f

f f e

 
-130-



KF 37

KF 38      confidence intervals are truncated at zero.
Note: Tests of variances against zero are one sided, and the two-sided

      var(y5)    .0001623    .000012    13.49   0.000     .0001387    .0001859
      var(y4)    .0002311   .0000171    13.49   0.000     .0001975    .0002647
      var(y3)    .0003687   .0000273    13.49   0.000     .0003151    .0004223
      var(y2)    .0003322   .0000246    13.49   0.000      .000284    .0003805
      var(y1)    .0002955   .0000219    13.49   0.000     .0002525    .0003384
       var(f)    4.73e-06          .        .       .            .           .

       _cons     .1549362    .000704   220.08   0.000     .1535564     .156316
         fac     .8267522   .0111473    74.17   0.000     .8049039    .8486004
y5            

       _cons     .1116079     .00084   132.86   0.000     .1099614    .1132543
         fac     .7415323   .0133016    55.75   0.000     .7154616     .767603
y4            

       _cons     .0742647   .0010611    69.99   0.000      .072185    .0763443
         fac     .5947267   .0168015    35.40   0.000     .5617964     .627657
y3            

       _cons     .0574193   .0010072    57.01   0.000     .0554451    .0593934
         fac     .4528927    .015949    28.40   0.000     .4216331    .4841522
y2            

       _cons     .0489079   .0009499    51.49   0.000     .0470462    .0507696
         fac     .4337846   .0150406    28.84   0.000     .4043055    .4632637
y1            

       _cons     .1593938          .        .       .            .           .
              
         L1.     .1834083          .        .       .            .           .
         fac  
f             

                    Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval]
                               OIM

Log likelihood =  4905.1564                       Prob > chi2     =     0.0000
                                                  Wald chi2(5)    =   11499.53
Sample: 10199 - 10562                             Number of obs   =        364

State-space model
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STATA

KF 43

KF 44

 var(ztouden)      4.9532  (constrained)
       var(h)    7.553575   .2680313    28.18   0.000     7.028243    8.078907

       _cons    -1.371315          .        .       .            .           .
           h            1  (constrained)
ztouden       

       _cons     .1276827   .0450152     2.84   0.005     .0394545    .2159108
              
         L1.      .297613   .0232757    12.79   0.000     .2519935    .3432324
           h  
h             

     ztouden        Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval]
                               OIM

 ( 2)  [var(ztouden)]_cons = 4.9532
 ( 1)  [ztouden]h = 1
Log likelihood = -13420.513                       Prob > chi2     =     0.0000
                                                  Wald chi2(1)    =     163.49
Sample: 1 - 4977                                  Number of obs   =       4977

State-space model
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KF 45

Fitting state space model is
notoriously difficult.
STATA sspce p.14

KF 46
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KF 47

KF 48

 
-136-



KF 49

STATA

1. dfactor dynamic Factor models
2. ucm: unobsereved components model

KF 50
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1. .
. , 1993.

2. 2008 CAP

3. A.C. 1985

4.
200 CAP

5. G. S. P. ;
R ( ) 2013

Dynamic Linear Models with R
6.

2012

51KF
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平成 26 年度厚生労働科学研究費補助金（地域医療基盤開発推進研究事業） 

歯科疾患の疾病構造の変化を踏まえた歯科口腔保健の実態把握のための評価項目と必要客

体数に関する研究（H26－医療－一般－007）研究代表者：三浦宏子 

 

2011 年⻭科疾患実態調査、国⺠健康・栄養調査、国⺠⽣活基礎
調査のリンケージデータを⽤いた解析結果 

 

研究分担者 安藤雄一（国立保健医療科学院・生涯健康研究部） 

 

 

研究要旨 

【目的】本研究では、歯科疾患実態調査の参加率を国民健康・栄養調査の参加情報別に

検討することを主目的とした。また、国民健康・栄養調査の歯科関連項目について

歯科疾患実態調査の参加有無別に差を検討することと、歯科医院の通院状況別に歯

の保有状況を比較することを副次的目的とした。 

【方法】2011年の歯科疾患実態調査（以下「歯調」）、国民健康・栄養調査（以下「

栄調」、国民生活基礎調査（以下「基調」）について厚労省の担当窓口に目的外利

用を申請し利用許可を得たの個票データを用い、IDによるデータリンケージを行

い、各調査間で性・年齢が一致しないデータを除いた13,351件のデータを用いて解

析を行った。 

【結果】「歯調」の参加率について、「基調」に対する参加率を「栄調」を構成する各

調査と比較したところ、参加率は血液検査と酷似していた。さらに「栄調」の参加

状況別に「歯調」の参加率をみたところ、血液検査を受けた人では100%近くが「歯

調」に参加していたのに対し、血液検査を受けていない人では数%と著しい差を示

した。「歯調」参加有無別に「栄調」および「基調」の歯科関連調査項目の基礎統

計量を比較したところ、歯の保有状況、歯科健診・口腔ケアの受診頻度において高

齢者層で有意差が認められた。「基調」で調査された歯科通院の有無別に歯の保有

状況を比較したところ、高齢者層において通院者で良好な傾向が認められた。 

【考察】血液検査の参加有無による「歯調」参加率の顕著な差は、受診者が「栄調」の

身体状況調査を「歯調」の前に受けるため、血液検査に参加しない人たちが「歯調

」受診の働きかけを受ける前に帰ってしまうためと考えられた。「歯調」の参加率

を上げるためには、血液検査の不参加者に対して「歯調」参加の声がけを必ず行う

ことや、血液検査の参加率を上げる取り組みなどが必要である。「歯調」参加有無

別に認められた差異より、高齢者の歯の保有状況に関する国民真の代表値は「歯調

」で報告された値よりも少し低めの値とみなすのが妥当と考えられた。 

 

キーワード： 歯科疾患実態調査、国民健康・栄養調査、国民生活基礎調査、身体状況

調査、血液検査、データリンケージ 
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表１．データリンケージを行った調査の一覧

調査年 調査名 調査票名

2011（平成23）年 国民生活基礎調査 世帯票 46,099 （世帯数）注1

栄養摂取量票

食品群別摂取量票

身体状況・生活習慣票

2011（平成23）年 歯科疾患実態調査 － 4,253 （人数）

　注1： 人数＝118,955人

　注2： 国民健康・栄養調査における各調査票ごとの調査人数は実際のところ異なっている。

http://www.mhlw.go.jp/bunya/kenkou/eiyou/dl/h23-houkoku-02.pdf

レコード件数

2011（平成23）年 国民健康・栄養調査 8,761 （人数）注2

国民生活

基礎調査

（46,099世帯分）

国民健康・

栄養調査

（8,761人分）

歯科疾患

実態調査

（4,253人分）

（4,253件）

重複IDを修正

（8,761件）

ID不一致：447件

（14,237件）

国民健康・栄養調査（歯科

疾患実態調査）の対象地区

への絞り込み

ID不一致：281件

（13,351件）

図１．データリンケージ結果

（118,955人分）

世帯単位のデータを

個人単位に変換

このうち

・国民健康・栄養調査とリンケージできたレコード： 7,596件

・さらに歯科疾患実態調査とリンケージできたレコード：3,774件

（13,382件）

性不一致：479件

年齢不一致：376件

（13,382件）

性不一致：9件

年齢不一致：22件

（14,237件）

 
-140-



 
-141-



When he paid by himself, it finished in a morning.

Reflecting low incentives of the public, especially crowded,
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beneficiaries of social allowances, the poor & ethnic minority.

Private facilities concern attracting many patients to raise profit,
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stratified random sampling.
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tell us how difficult to utilize insurance there.

Econometric Specification
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should predict the sample selection sufficiently well in the

would reflect the distance to each facility, as the instruments.
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Define
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(5)) substantially increases the magnitude of the coefficient of

medical expenses could be huge, patients seem to try to find a
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should be somewhere between the first outcome variable and
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much benefit for insurance utilization.
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propensity score model to be correctly specified, not both.

These may not suffice to explain the difference between the two
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likelihood of insurance utilization is significantly and substantially
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Stata

2015/8/28@ ( )

2015 Japanese Stata Users Group Meeting

KYOTO HEART Study
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Valsartan

http://mtpro.medical tribune.co.jp/mtpronews/1204/1204042.html

Eur Heart J (2009) 30:2461 2469, doi: 10.1093/eurheartj/ehp363

KYOTO HEART study
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Circ J. 2012. pii: DN/JST.JSTAGE/circj/CJ 12 0387

1

( )

Circ J. 2012. pii: DN/JST.JSTAGE/circj/CJ 12 0387
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2

( )

ARB
ARB

Valsartan
Valsartan

Circ J. 2012. pii: DN/JST.JSTAGE/circj/CJ 12 0387
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CAD/ CAD

Am J Cardiol. 2012 May 1;109(9):1308 14.

Na SD

Am J Cardiol. 2012 May 1;109(9):1308 14.
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Int J Cardiol. 2012 Jul 12.

Na SD

Int J Cardiol. 2012 Jul 12.

 
-162-



CKD

Int J Cardiol. 2012 Feb 13.

CKD CKD
Cre 0.9 0.3 0.8 0.2

eGFR 48 9 78 16
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Circ J. 2012 Sep 12.n SD n1
n2 1 2 SD 1 2

n x = n1 x 1 + n2 x 2
1 2

n x 2 n1 x 12 + n2 x 22

Baseline diabetes Na
146 x 807 = 117822
141 x 401 + 150 x 406 = 117441

SD Baseline non diabetes K
2224 x 6.8 x 6.8 = 102837.76
1116 x 9.3 x 9.3 + 1108 x 2.2 x 2.2 = 101885.56

Eur Heart J. 2009 Oct;30(20):2461 9. doi: 10.1093
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• K HbA1c 1

•
…

4.0, 4.8, 4.4, 4.6, 3.8, 4.7, 4.9, 4.7, 4.7,
4.8, 4.1, 4.7, 4.5, 4.8, 5.3, 4.2, 4.3, 4.3,
5.1, 4.6, 4.3, 4.6, 4.3, 5.4, 5.2, 4.7, 5.4,
4.6, 4.4, 4.6, 4.9, 5.2, 4.8, 5.0, 3.7, 5.0,
5.1, 4.2, 4.1, 4.5, 4.1, 4.5, 4.2, 4.6, 5.3,
4.6, 5.2, 4.2, 4.2, 4.4, 3.9, 4.3, 4.0, 4.5,
4.5, 4.2, 4.4, 4.1, 4.3, 4.8, 4.3, 4.2, 5.2,
4.9, 4.1, 3.7, 5.5, 4.7, 5.5, 4.9, 3.6, 3.9,
3.7, 5.4, 6.0, 4.2, 4.8, 4.1, 4.1, 4.3, 4.6,
4.9, 4.8, 4.3, 5.7, 5.0, 4.3, 4.9, 4.1, 4.9,
4.1, 4.3, 5.5, 5.1, 4.8, 4.1, 4.4, 4.1, 3.8,
3.7, 5.1, 5.7

=4.5 1SD=0.5 2000
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4.5 0.5
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300

350

 
-165-



40, 48, 44, 46, 38, 47, 49, 47, 47,
48, 41, 47, 45, 48, 53, 42, 43, 43,
51, 46, 4.3, 4.6, 4.3, 5.4, 5.2, 4.7, 5.4,
4.6, 4.4, 4.6, 4.9, 5.2, 4.8, 5.0, 3.7, 5.0,
5.1, 4.2, 4.1, 4.5, 4.1, 4.5, 4.2, 4.6, 5.3,
4.6, 5.2, 4.2, 4.2, 4.4, 3.9, 4.3, 4.0, 4.5,
4.5, 4.2, 4.4, 4.1, 4.3, 4.8, 4.3, 4.2, 5.2,
4.9, 4.1, 3.7, 5.5, 4.7, 5.5, 4.9, 3.6, 3.9,
3.7, 5.4, 6.0, 4.2, 4.8, 4.1, 4.1, 4.3, 4.6,
4.9, 4.8, 4.3, 5.7, 5.0, 4.3, 4.9, 4.1, 4.9,
4.1, 4.3, 5.5, 5.1, 4.8, 4.1, 4.4, 4.1, 3.8,
3.7, 5.1, 5.7

20 (1%) …

0

50

100

150

200

250

300

350

1%

=4.9 1SD=4.1

Eur Heart J. 2013 Apr;34(14):1018 23
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? ?

•

• Circulation Journal
2013/1/31

2013/2/15

Proc Natl Acad Sci U S A. 2012 Oct 16;109(42):17028 33
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•

• …

• …

• …
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• Web
( )

K HbA1c

•
(145 134 )

•

cm

> 220
< 100

•
•

(
etc.)

•
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Cre

mg/dl
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Excel 50
1 50 0

=if(A1>50,1,0)

…

Excel 50
1 50 0

=if(A1>50,1,0)

…
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•
• 157

159
• 4

•

•
•

•

•
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•

•

•

• Stata
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3

2015/8/28 Stata Japanese Users Group Meeting

1

• Stata/IC 13.1
• Prediction model for 3-Year Rupture Risk of Unruptured 

Cerebral Aneurysm in Japanese Patients. (Ann Neurol 2015;77:1050-1059)

2

 
-177-



Y =  α + β1X1 + β2X2 + … + βiXi

log{(p/1-p)} =  α + β1X1 + β2X2 + … + βiXi

Cox
log{h(t)/h0(t)} = β1X1 + β2X2 + … + βiXi

3

Centor criteria

• tonsillar exudates
• swollen tender anterior cervical nodes
• lack of a cough
• fever history (≥101 F)

4

(Centor 1981)
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Peter W. F. Wilson et al. Circulation. 1998;97:1837-1847

Framingham heart study

6
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•
3

7

Transparent Reporting of a multivariable prediction 
model for Individual Prognosis Or Diagnosis (TRIPOD)

•

• 22 Items checklist
• Ann Intern Med, BMJ, Circulation, J Clin Epidemiology

• www.tripod-statement.org

8
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22

9

1.
Development

2.
Validation

3.
Presentation

10
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1.
Development

2.
Validation

3.
Presentation

11

• UCAS (Unruptrued Cerebral Aneurysm Study) Japan

• 3
• 6606

Survival-time data

12
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13

// Declare data to be survival-time data
stset day ,failure(oc) scale(365.25)

day…
oc…

oc=1: 
oc=0: 

14
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• Age (years old)
• Sex (male/female)
• Smoking (yes/no)
• Hypertension (yes/no)
• Diabetes (yes/no)
• History of SAH (yes/no)
• Number of aneurysms (yes/no)

15

• Size (mm)
• Location

(ACA, ACOM, MCA, ICA, 
IC-PCOM, BA, VA)

• Daughter sac* (yes/no)
(*Irregular protrusion of 
aneurysm wall)

Cox
Risk estimate

Risk estimate = 1 – S(t)exp(βX)

16(Sullivan 2004; Iasonos 2008)

S(t) =  Baseline survivor function
when all covariates are zero

β = Regression coefficients
X = Individual values of the risk factors

β X βX=β1X1 + β2X2 + … + βiXi
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1.
2. Coding
–

3.
4. β
5.
– Schoenfeld residuals, log-log plot

6. S(t)

17

Item 9

Item 10a

Item 10b

Item 10b

// Stepwise selection
xi: sw stcox age70 sex htn dm smoking sah lsize/*
*/ (i.loc) dau num ,pr(0.2) nohr

18

β
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// Calculate baseline survivor function S(t)
stcox age70 lsize sex htn i.loc dau
predict bs ,basesurv
sort _t

_t=3
baseline survivor function

S(3) = 0.9987615

19

0
baseline survivor function

// Display baseline survivor function (optional)
stcox age70 lsize sex htn i.loc dau
predict bs, basesurv
sort _t
local N=_N
forvalues i = 1/`N' {

if _t[`i']<=3 {
local b3=bs[`i']

}
}

di "Baseline survival at 3yrs ="`b3'

local … 
_N … 
var[n] … var n

20
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3-year rupture risk estimate = 1 – S(3)exp(βX)

= 1 – 0.9987615 ^ exp
( 0.254*XAge≥70 + 0.421*XSex + 0.255*XHypertension

+ 1.989*Xlog(size) + 0.871*XMCA + 1.447*XACOM

+ 1.448*XIC-PCOM + 1.226*XBA + 0.376*XVA

+ 0.550*XACA + 0.395*XDaugter sac )

21

Item 15a

1.
Development)

2.
Validation

3.
Presentation)

22
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Validation (1)

Internal validation
•

External validation
•

23

Item 10d

Validation (2)

Discrimination
• Harrell’s C index (Harrell 1982)

Calibration
• Calibration plot

Calibration is preferably reported graphically with 
predicted outcome probabilities (on the x-axis) plotted against 
observed outcome frequencies (on the y-axis). 
This plot is commonly done by tenths of the predicted risk. 

(TRIPOD)

24

Item 10d
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// Discrimination (Harrell’s C index) on derivation data
stcox age70 lsize sex htn i.loc dau
estat concordance

25

Item 16

// Confidence interval of C index by bootstrapping

stcox age70 lsize sex htn i.loc dau
estimate store A

program define b_ci, rclass
estimate restore A
estat concordance
return scalar harrellc=r(C)
end

bs c_index=r(harrellc), reps(100): b_ci

26

Item 16

r(harrellc)
b_ci
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// Discrimination (Harrell’s C index) on external data
stcox sex htn age70 lsize i.loc dau

use dtext ,clear
estimate esample:
estat concordance

27

UCAS 1661
survival-time data

Item 16

// Draw calibration plot - 1
stcox age70 lsize sex htn i.loc dau

predict lp ,xb
xtile ptile=lp ,nq(10)
tabstat lp ,by(ptile) stat(mean) save

28

xb …
linear prediction βX

save …
r()
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29

// Draw calibration plot - 2
matrix define r=/*
*/r(Stat1)¥r(Stat2)¥r(Stat3)¥r(Stat4)¥r(Stat5)¥/*
*/r(Stat6)¥r(Stat7)¥r(Stat8)¥r(Stat9)¥r(Stat10)

30

tabstat
r
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// Draw calibration plot - 3
sts list ,at (0 3) by(ptile) saving(“stslist" ,replace)

stslist.dta

31

// Draw calibration plot - 4
use stslist, clear
keep if time==3
gen km=(1-survivor)*100
gen km_u=(1-lb)*100
gen km_l=(1-ub)*100
svmat r

replace r1=(1-0.9987615^exp(r1))*100

1 – S(3) exp(βX)
32
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// Draw calibration plot - 5
twoway scatter km r1 || rcap km_u km_l r1

33

0
5

10
15

20
25

0 5 10 15 20 25
Predicted Risk of Rupture (%)

Item 16

1.
Development

2.
Validation

3.
Presentation

34
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•

• β 2

•

35

// Scoring - 1
stcox age70 lsize sex htn i.loc dau
matrix scoring = e(b)

36

β
e(b)β
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// Scoring - 2
local N=colsof(scoring)
forvalues i=1/`N‘{

matrix scoring[1,`i']=round(scoring[1,`i']*2)
}

matrix list scoring

37

(1)
Factor Score

Age (years)
<70 0

70≤ 1

Sex
Male 0

Female 1

Hyper-
tension

No 0

Yes 1

38

Factor Score

Size (mm)

3≤size<7 0

7≤size<10 2

10≤size<20 5

20≤size 8

Location

ICA 0

ACA or VA 1

MCA or BA 2

ACOM or IC-
PCOM

3

Daughter 
sac

No 0

Yes 1
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// Scoring - 3
predict lp, xb
predict se, stdp

matrix score sumofscore = scoring
tabstat lp se, by(sumofscore) stat(mean)

39

DB

40

calibration plot Do-file
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// Scoring - 4
rename var1 score
gen p3      =(1-.9987615^exp(var2))*100
gen p3_l   =(1-.9987615^exp(var2-1.96*var3))*100
gen p3_u  =(1-.9987615^exp(var2+1.96*var3))*100
list score p3 p3_l p3_u

41

(2)

Sum of scores
Risk of rupture in 3 years (%)

[95% CI]

0 0.2 [0.2-0.3]
1 0.4 [0.2-0.7]
2 0.6 [0.2-1.5]
3 0.9 [0.2-2.4]
4 1.4 [0.5-3.8]
5 2.3 [0.8-6.3]
6 3.7 [1.3-10]
7 5.7 [2.1-16]
8 7.6 [2.7-21]

9≤ 17 [6.4-40]
42
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TRIPOD Checklist: Prediction Model Development and Validation 

Section/Topic Item  Checklist Item Page 
Title and abstract 

Title 1 D;V Identify the study as developing and/or validating a multivariable prediction model, the 
target population, and the outcome to be predicted.  

Abstract 2 D;V Provide a summary of objectives, study design, setting, participants, sample size, 
predictors, outcome, statistical analysis, results, and conclusions.  

Introduction 

Background 
and objectives 

3a D;V 
Explain the medical context (including whether diagnostic or prognostic) and rationale 
for developing or validating the multivariable prediction model, including references to 
existing models. 

 

3b D;V Specify the objectives, including whether the study describes the development or 
validation of the model or both.  

Methods 

Source of data 
4a D;V Describe the study design or source of data (e.g., randomized trial, cohort, or registry 

data), separately for the development and validation data sets, if applicable.  

4b D;V Specify the key study dates, including start of accrual; end of accrual; and, if applicable, 
end of follow-up.   

Participants 
5a D;V Specify key elements of the study setting (e.g., primary care, secondary care, general 

population) including number and location of centres.  

5b D;V Describe eligibility criteria for participants.   
5c D;V Give details of treatments received, if relevant.   

Outcome 6a D;V Clearly define the outcome that is predicted by the prediction model, including how and 
when assessed.   

6b D;V Report any actions to blind assessment of the outcome to be predicted.   

Predictors 
7a D;V Clearly define all predictors used in developing or validating the multivariable prediction 

model, including how and when they were measured.  

7b D;V Report any actions to blind assessment of predictors for the outcome and other 
predictors.   

Sample size 8 D;V Explain how the study size was arrived at.  

Missing data 9 D;V Describe how missing data were handled (e.g., complete-case analysis, single 
imputation, multiple imputation) with details of any imputation method.   

Statistical 
analysis 
methods 

10a D Describe how predictors were handled in the analyses.   

10b D Specify type of model, all model-building procedures (including any predictor selection), 
and method for internal validation.  

10c V For validation, describe how the predictions were calculated.   

10d D;V Specify all measures used to assess model performance and, if relevant, to compare 
multiple models.   

10e V Describe any model updating (e.g., recalibration) arising from the validation, if done.  
Risk groups 11 D;V Provide details on how risk groups were created, if done.   
Development 
vs. validation 12 V For validation, identify any differences from the development data in setting, eligibility 

criteria, outcome, and predictors.   

Results 

Participants 

13a D;V 
Describe the flow of participants through the study, including the number of participants 
with and without the outcome and, if applicable, a summary of the follow-up time. A 
diagram may be helpful.  

 

13b D;V 
Describe the characteristics of the participants (basic demographics, clinical features, 
available predictors), including the number of participants with missing data for 
predictors and outcome.  

 

13c V For validation, show a comparison with the development data of the distribution of 
important variables (demographics, predictors and outcome).   

Model 
development  

14a D Specify the number of participants and outcome events in each analysis.   

14b D If done, report the unadjusted association between each candidate predictor and 
outcome.  

Model 
specification 

15a D Present the full prediction model to allow predictions for individuals (i.e., all regression 
coefficients, and model intercept or baseline survival at a given time point).  

15b D Explain how to the use the prediction model.  
Model 
performance 16 D;V Report performance measures (with CIs) for the prediction model.  

Model-updating 17 V If done, report the results from any model updating (i.e., model specification, model 
performance).  

Discussion 

Limitations 18 D;V Discuss any limitations of the study (such as nonrepresentative sample, few events per 
predictor, missing data).   

Interpretation 
19a V For validation, discuss the results with reference to performance in the development 

data, and any other validation data.   

19b D;V Give an overall interpretation of the results, considering objectives, limitations, results 
from similar studies, and other relevant evidence.   

Implications 20 D;V Discuss the potential clinical use of the model and implications for future research.   
Other information 

Supplementary 
information 21 D;V Provide information about the availability of supplementary resources, such as study 

protocol, Web calculator, and data sets.   

Funding 22 D;V Give the source of funding and the role of the funders for the present study.   
 

*Items relevant only to the development of a prediction model are denoted by D, items relating solely to a validation of a prediction model are 
denoted by V, and items relating to both are denoted D;V.  We recommend using the TRIPOD Checklist in conjunction with the TRIPOD 
Explanation and Elaboration document. 
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Stata 

• 3 users 

• Stata 10 101 

logistic regression
meta-analysis
ROC analysis  etc.

Stata 
STATA Kiyohara C, Shirakawa T, Otsu A, 

Fukuda S, Hopkin JM. Genetic polymorphisms and lung cancer 
susceptibility: a review. Lung Cancer, 37: 241-256, 2002. 
Stata Ver7 STATA
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Kiyohara C, Washio M, Horiuchi T. Chapter 6.Modifying effect of bmoking on the association between SLE and the genetic polymorphisms involved in ROS 
production. In:A dvances in Genetics Reseach. Volume13. Urbano KV (ed) Nova Science Publishers Inc. NY, pp. 131-153, 2014.

Kiyohara C, Washio M, Horiuchi T, Asami T, Ide S, Atsumi T, Kobashi G, Tada Y, Takahashi H, the Kyushu Sapporo SLE (KYSS) Study Group. Dietary patterns 
and systemic lupus erythematosus in a Japanese population: the Kyushu Sapporo SLE (KYSS) Study. Int Med J, in press.

Tanaka A, Tsukamoto H, Mitoma H, Kiyohara C, Ueda N, Ayano M, Ohta S, Kimoto Y, Akahoshi M, Arinobu Y, Niiro H, Tada Y, Horiuchi T, Akashi K. Serum 
progranulin levels are elevated in dermatomyositis patients with acute interstitial lung disease, predicting prognosis. Arthritis Res Therapy, in press.

Oryoji K, Kiyohara C, Horiuchi T, Tsukamoto H, Nakagawa M, Niiro H, Akashi K, Yanase T. Reduced carotid intima-media thickness in systemic lupus 
erythematosus patients treated with cyclosporine A. Mod Rheumatol, 24:86-92, 2014.

Otake T, Fukumoto J, Abe M, Takemura S, Pham NM, Mizoue T, Kiyohara C. Linking between lifestyle factors and insulin resistance based on fasting 
plasma insulin and HOMA-IR in middle-aged Japanese men: A cross-sectional study. Scand J Clin Lab Invest, 74: 536-545, 2014.

Kiyohara C, Horiuchi T, Takayama K, Nakanishi Y. Genetic polmorphisms involved in the inflammatory response and lung cancer risk: A case-control study 
in Japan. Cytokine, 65:88-94, 2014.

Kiyohara C, Washio M, Horiuchi T, Asami T, Ide S, Atsumi T, Kobashi G, Takahashi H, Tada Y, the Kyushu Sapporo SLE (KYSS) Study Group. The modifying 
effect of NAT2 genotype on the association between systemic lupus erythematosus and consumption of alcohol and caffeine-rich beverages. Arthritis 
Care Res, 66:1048-1056, 2014

Furukawa M, Kiyohara C, Horiuchi T, Tsukamoto H, Mitoma H, Kimoto Y, Uchino A, Nakagawa M, Oryoji K, Nakashima K, Akashi K, Harada M. Prevalence 
of and risk factors for vertebral fracture in Japanese female patients with systemic lupus erythematosus. Mod Rheumatol, 23: 765-773, 2013.

Kiyohara C, Miyake Y, Koyanagi M, Fujimoto T, Shirasawa S, Tanaka K, Fukushima W, Sasaki S, Tsuboi Y, Yamada T, Oeda T, Shimada H, Kawamura N, Sakae 
N, Fukuyama H, Hirota Y, Nagai M for the Fukuoka Kinki Parkinson’s Disease Study Group. MDR1 rs1045642 polymorphism and Parkinson’s disease in a 
Japanese population: Interaction with smoking, alcohol consumption and pesticide use. Drug Metab Pharmacokin, 28: 138-143, 2013

Kiyohara C, Washio M, Horiuchi T, Asami T, Ide S , Atsumi T, Kobashi G, Tada Y, Takahashi H and the Kyushu Sapporo SLE (KYSS) Study Group. Cigarette 
smoking, alcohol consumption and the risk of systemic lupus erythematosus: a case-control study in a Japanese population. J Rheumatol, 39:1363-
1370, 2012.

Tanaka A, Tsukamoto H, Mitoma H, Kiyohara C, Ueda N, Ayano M, Ohta S, Inoue Y, Arinobu Y,  Niiro H, Horiuchi T, Akashi K. Serum progranulin levels are 
elevated in patients with systemic lupus erythematosus, reflecting disease activities. Arthritis Res Therapy, 14: R244, 2012.
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Human Genome Epidemiology Network (HuGENet™)

(Centers for Disease Control and Prevention, CDC ) 
HuGE review

Kiyohara C, et al., Genet Med 2005; 7: 463-478.
Kiyohara C, et al., Epidemiol 2006; 17: 89-99.
.

HuGENet™ (HuGE Reviews

STATA

DNA
(NCI R03 grant (CA 119704) ) =8,454 =9,344

Hung RJ, Kiyohara C, et al. Cancer Epidemiol Biomarkers Prev 2008; 17: 3081-3089.

18 DNA 5 

major/major major/minor minor/minor

APEX1 Asp148Glu 1.0 0.89 (0.81 - 0.99) 0.91 (0.78 - 1.06)

OGG1 Ser326Cys 1.0 0.94 (0.84 - 1.07) 1.34 (1.01 - 1.79)

XRCC3 Thr241Met 1.0 0.89 (0.79 - 0.99) 0.84 (0.71 - 1.00)

ERCC2 Lys751Gln 1.0 0.99 (0.89 - 1.10) 1.19 (1.02 - 1.39)

TP53 Arg72Pro 1.0 1.14 (1.00 - 1.29) 1.20 (1.02 - 1.42)

ILCCO Project

STATA
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F t Wilcoxon Wilcoxon

intrinsic 
estimator APC
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Stata 10 
• Nishikitani M, Nakao M, Karita K, Nomura K, Yano E. Influence of overtime work, sleep duration, 

and perceived job characteristics on the physical and mental status of software engineers. Ind
Health 43:623-629, 2005.

• Nishikitani M, Yano E. Differences in the lethality of occupational accidents in OECD countries. 
Safety Sci 46: 1078-1090, 2008.

• Nishikitani M, Inoue S, Yano E. Competition or complement: relationship between judo 
therapists and physicians for elderly patients with musculoskeletal disease Environ Health Prev
Med 13:123-129, 2008.

• Nishikitani M, Tsurugano S, Inoue M, Yano E. Effect of unequal employment status on workers' 
health: Results from a Japanese national survey. Soc Sci Med 75:439-451, 2012.

• Nishikitani M, Nakao M, Tsurugano S, Yano E. The possible absence of a healthy-worker effect: a 
cross-sectional survey among educated Japanese women. BMJ Open 2(5):e000958(1-10), 2012.

• Umihara J, Nishikitani M. Emergent use of Twitter in the 2011 Tohoku earthquake. Prehosp
Disaster Med, 28(5) 1-13, 2013.

• Umihara J, Nishikitani M. Effect of perceived economic status on knowledge about cancer 
prevention, healthy behaviors, and cancer check-up rate in Japan. Ningen Dock International,
1:47-53, 2014.

• Umihara J, Kubota K, Nishikitani M. Rapport between cancer patients and physicians is a critical 
issue for patient satisfaction with treatment decisions. J Nippon Med School (in press).
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Stata 

• 2
• 60 
•

• power twomeans 0 (4.5(0.1)10.5), sd(7.9) n(60) table 
graph(ydimension(power) xdimension(m2) 
plotdimension(sd) yline(.8 .9) xlabel(4.5(.5)10.5) 
legend(off))
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t

2 60

Stata 
• 2
• 60 
•

power twomeans 0 (4.5(.1)10.5), sd(8) n(60) table graph(yline(.8 .9) 
xlabel(4.5(.5)10.5))

• SD 

power twomeans 0 (4.5(0.5)10.5), sd(8(1)12) n(60) table 
graph(ydimension(power) xdimension(m2) plotdimension(sd) 
ylab(.4(.1)1) yline(.8 .9)  xlabel(5(1)10) xtick(4.5(.5)10.5) legend(on 
rows(1)))
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2 60 SD

t

Single-arm phase II study

• 1
• vs 
•
• Binomial test vs.  Score test
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Single-arm phase II study
• Binomial test
• = 0.3
• = 0.5
• 25 50
•

power oneproportion .3 .5, 
test(binomial) n(25(1)50) onesided
table graph(yline(.8)

Single-arm phase II study
Binomial test
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Single-arm phase II study
Score test

z

z

• Binomial test

• Exact confidence interval 
(Binomial CI)

• Score z-test

• Wilson confidence 
interval
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Survival time analysis

• stpower .......... event 
• event 

• event ≠ 
• artsurv.ado
• Barthel, F. M.-S., P. Royston, and A. Babiker. A menu-driven facility for complex 

sample size calculation in randomized controlled trials with a survival or a binary 
outcome: Update. Stata Journal 2005;5: 123-129.

• Barthel, F. M.-S., A. Babiker, P. Royston, and M. K. B. Parmar. Evaluation ofsample
size and power for multi-arm survival trials allowing for non-uniform accrual, 
non-proportional hazards, loss to follow-up and cross-over. Statistics in Medicine 
2006;25:2521-2542.

artsurv

• artsurv artsurv.dlg

• artmenu on → user menu 
•

• 1 12 2 (24
2 Baseline 

8 0.7 0 
α = 0.05 80%
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Baseline survival probability 

median survival time 

Median survival time 

probability 

Month 

Group 1 control arm 
hazard ratio 1 

Group 2 hazard 
ratio 

"Enter relative to the 
control distribution" 
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"Method of 
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logrank
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Observational studies

• (prospective cohort study) 
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• Hazard ratio 
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Observational studies

•

(prevalence) 

cumulative incidence 
....

hazard (incidence)  

Observational studies

•

(prevalence) 

→
hazard (incidence)  

→ baseline hazard 
hazard hazard ratio baseline 

hazard 
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hazard hazard ratio 
baseline hazard (

5 30%

hazard hazard ratio 
baseline hazard (

0.3

= 3 
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HR 

• Stata 

• Stata 
Stata 

• Stata  
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