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Abstract 

Aggregate data on equity shares in Japanese household financial assets, classified by 

period and age, are decomposed into age, period, and cohort effects, using two 

different identification methods: one assumes that each effect fluctuates smoothly and 

the other assumes that the period effect is orthogonal to a linear time trend. Both 

methods provide a very similar and striking empirical finding. The main factor in the 

life-cycle movement of equity shares is not the age effect but the cohort effect. The 

robustness check for this finding is implemented via comprehensive simulations. 
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1. Introduction 

It is important to consider the possible effects of aging baby boomers on the U.S. 

financial market, in order to assess whether or not this cohort is saving enough for 

retirement. For example, many financial analysts have believed that the rise in U.S. 

stock prices during the 1990s was partly attributable to the growing demand for 

financial assets as baby boomers began saving for retirement. On the other hand, 

conventional wisdom suggests that individuals prefer to take fewer financial risks as 

they age (Jianakoplos and Bernasek, 2006). Given this, their behavior could exert a 

downward pressure on securities prices (Bakshi and Chen, 1994). Poterba (2001) has 

considered the historical relationship between demographic structure and asset returns 

using data from the U.S., Canada, and the U.K., and found that it is difficult to find 

robust evidence in time series data. In addition, Ameriks and Zeldes (2004) have 

provided a comprehensive survey on the relationship between age and risk aversion, 

and noted that “overall, the evidence of such changes is best described as 

inconclusive.” 

The purposes of this paper are twofold. The first is to analyze aggregate data on 

equity shares in Japanese household financial assets by performing a cohort analysis 

and to provide new data-based evidence. The second is to newly perform 

comprehensive simulations to examine the efficacy of the cohort analysis and to 

conduct a robustness check for empirical results. Regarding U.S. household, 

Jianakoplos and Bernasek (2006) have analyzed the U.S. age profile of household 

financial risk taking, by decomposing the effects of chronological age, birth cohort, 

and calendar year. Their empirical results suggest that risk taking decreases with age 

and a cohort effect shifts the age-risk profile down from older to younger cohorts. The 

method employed in the present study is different from that employed by Jianakoplos 

and Bernasek (2006) in the following two ways. First, the micro data set of the Federal 
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Reserve-sponsored Surveys of Consumer Finances was used in their study, whereas in 

this study, the aggregate Japanese data of The National Survey of Family Income and 

Expenditure (NSFIE) is used. The reasons of nonuse of micro data are that the use of 

micro data is very time-expensive and/or money-expensive in Japan, and that 

aggregate data approximately average out expectational errors and eliminates the need 

to control for individual effects (Fernandez-Villaverde and Krueger, 2007). Second, 

this study adopts a different econometric methodology, which is discussed in Section 2. 

In the analysis of Jianakoplos and Bernasek (2006), the ratio of risky assets is 

regressed on not only age-period-cohort effects but also several economic variables 

such as human capital and labor supply. The proposed method in this paper is a 

univariate analysis without any explanatory variables, while their analysis is essentially 

a multivariate analysis based on economic theory. In other words, the purpose of the 

proposed method is to provide not theory-based but data-based evidence. 

A birth cohort (for example, the U.S. baby boomers), which is defined as a set of 

people born in the same time interval, is an important concept in social studies (Ryder, 

1965; Glenn, 1977). Cohort analysis is concerned with the decomposition of aggregate 

data classified by period and age (cohort data), into age, period, and cohort effects. 

These three effects on equity shares in household financial assets can be described as 

follows. 

Age effect refers to the obvious consequences of a life cycle. First, Samuelson 

(1969) provided a life-cycle model of rational portfolio selection. Later, Bodie et al. 

(1992) extended the Samuelson approach and showed that financial risk tolerance 

decreases with age. Kahneman and Tversky (1979) presented the prospect theory, 

which states that risk taking will decrease with age. Ameriks and Zeldes (2004) 

provided a comprehensive survey on the extension of the above models, while 

introducing human capital, non-i.i.d. returns, alternative utility functions, and 
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transaction costs. 

Period effect is common to all households in the same period. The most obvious 

examples of this effect are movements in common variables such as prices and interest 

rates. For example, a revaluation of assets, such as the sharp increase in U.S. asset 

values in the 1990s, may raise the wealth of all households in a given period. 

Furthermore, a change in equities tax can influence the risk-taking behavior of all 

households. Ameriks and Zeldes (2004) suggested that the use of employer-sponsored 

defined contribution pension plans could have several period effects. 

Cohort effects can arise from the differences in various kinds of resources such as 

social security entitlement and/or macroeconomic conditions that are available to 

different cohorts. Furthermore, as noted by Ameriks and Zeldes (2004), cohort effects 

could be important for risk taking because knowledge acquired through firsthand 

experience has a stronger impact on individual decision making than knowledge 

acquired secondhand. For example, members of the oldest cohort who lived through a 

period of depression in their youth may exhibit a lesser willingness to take risk over 

the remainder of their lives. Educational background, too, has a similar impact on 

risk-taking behavior. Over time, differences in the quality of education could generate 

cohort-specific effects. Furthermore, intergenerational similarity shown in risk-taking 

behavior is also noteworthy. Charles and Hurst (2003) provided empirical evidence 

that risk tolerance measures correlate strongly between parents and children. Recently, 

Kapteyn et al. (2005) have explored the reasons why different generations accumulate 

different amounts of wealth and concluded that productivity growth and the generosity 

of social security can explain all the cohort effects present in household net worth. 

Since a linear relationship exists among age, survey period, and year of birth, it is 

not possible to distinguish between the individual effects without employing an 

identifying assumption. In economic studies, it is assumed that the period effect is 
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orthogonal to a linear time trend (Deaton and Paxson, 1994; Paxson, 1996; Attanasio, 

1998; and Parker, 1999; henceforth, referred to as the DPAP model). Jianakoplos and 

Bernasek (2006) applied the DPAP model in order to analyze the risk-taking behavior 

of U.S. households. In sociological studies, Fienberg and Mason (1978, 1985) have 

provided constrained generalized linear model (henceforth CGL model) with one 

additional identifying constraint on the parameter vector. However, the estimates of 

model effect coefficients are sensitive to the arbitrary choice of the identifying 

constraint (Yang et al. 2004). On the other hand, statistical studies apply an empirical 

Bayesian method because it is assumed that the effect parameters change gradually 

(Nakamura, 1982, 1986). These models are called Bayesian cohort (BC) models. 

Nakamura’s BC model has been applied to a variety of aggregate data (see Sasaki and 

Suzuki (1987), Miller and Nakamura (1996), and Ogata et al. (2000) among others). 

Fukuda and Nakamura (1995) have mechanically applied the BC model to Japanese 

household saving rates. Recently, Fukuda (2006) compared the DPAP model to the BC 

model using Monte Carlo simulations and concluded that the BC model appears to 

perform as well as the DPAP model in detecting the true model and is better in terms of 

root mean square error. Furthermore, Fukuda (2008) has provided simulation evidence 

that the BC model considerably outperforms the CGL model. 

With regard to the analysis of household portfolios in Japan, Noland (1988) first 

reviewed the asset composition of Japanese households, and estimated a five asset 

(money, time deposits, securities, consumer durables, and housing) model. Money and 

time deposits were found to be substitutes, as were time deposits and securities. More 

recently, Iwaisako (2003) analyzed age-related variation in stock shares in financial 

wealth using survey data. The empirical findings provided by Iwaisako (2003) with 

respect to Japan were as follows. First, the proportion of equity shares in financial 

assets increases in the case of young households, peaks in the age group 50–59, 
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plateaus, and then peaks again at a stage that occurs much later than the corresponding 

stage in other countries. Second, stock market participation varies in a manner very 

similar to variation of the proportion of unconditional equity shares, while equity 

shares conditional on ownership exhibit no significant age-related pattern. This implies 

that age-related patterns are mostly explained by the decision to hold or not hold stocks 

at all, as reported in the case of western countries. 

In this paper, two identification methods are briefly surveyed and applied to 

aggregate data on equity shares in Japanese household financial assets. Then, these 

models are extended by incorporating an exogenous variable. Both identification 

methods provide a very similar and striking finding. The main factor with respect to 

the life-cycle movement of equity shares in Japanese household financial assets is not 

the age effect but the cohort effect. The robustness check for this finding is 

implemented via comprehensive simulations. Simulation results support empirical 

findings. 

The rest of the paper is organized as follows. In Section 2, the identification 

problem is discussed, and the DPAP and BC models are briefly reviewed. In Section 3, 

a partial data set of the NSFIE is described, and the cohort data of the equity shares in 

Japanese household financial assets are presented. The DPAP and BC models are 

applied to these cohort data, and empirical results of age-period-cohort decomposition 

are investigated in Section 4. In Section 5, the robustness check for empirical findings 

is implemented via comprehensive simulations. The conclusions are presented in 

Section 6. 

 

2. Age-Period-Cohort Decomposition Model 

In this section, first, an identification problem in cohort analysis is discussed. Next, the 

DPAP and BC models are briefly reviewed. 



 6

 

2.1 Identification problem in cohort analysis 

Suppose an JI × table classified by age ( Ii ,...,1= ) and by period ( Jj ,...,1= ) of 

aggregate data, where I and J are the numbers of age groups and survey periods, 

respectively. In this paper, this table is called a cohort table, and the model applied to 

analyze this table is the cohort model. For simplicity, it is assumed that the range of the 

age group coincides with the interval of the survey period. Such a table involves 

)1( −+= JIK cohort groups, and its cell for the i -th age group in the j -th period 

corresponds to the )( jiIk +−= -th cohort. In a cohort model, it is assumed that some 

quantity ijY  observed for the ),( ji -th cell can be decomposed into the form 

   ,ijkjiij CPAY εα ++++=  KkJjIi 1,2,...,;1,2,...,;1,2,..., ===            (1) 

where α  is the constant term; iA , the effect of the age group; jP , the effect of the 

survey period; kC , the effect of the birth cohort. ijε  is generated from ),0( 2
ijwN σ . 

The matrix =W diag ),...,( 11 IJww is assumed to be known, diagonal, and standardized 

to 1|| =W (see Appendix A) 

An example of the cohort data is provided in Table 1. In this case, the range for 

the age group and the interval for the survey period are both 10 years. The birth year of 

the first cohort is 1901–10, and the figure for the year 1960 and the age 30–39 is 

denoted by ),3(11Y  showing the third cohort. 

    Usually, one uses the maximum likelihood procedure to obtain the estimate of the 

parameter vector )),,...,,,...,,,...,,(( 111 KJI CCPPAAαββ =  but in the case of the 

cohort model, one cannot uniquely identify the estimates since the effect parameters 

are linearly dependent, corresponding to the equation .jiIk +−=  More information 

on the parameters is needed in order to completely specify the cohort model. 

 

2.2 The DPAP Model 
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The DPAP model assumes that period effect parameters are mean zero and orthogonal 

to a linear time trend. That is, the following restrictions are imposed on the period 

effect parameters for the purpose of identification: 
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Thus, one can easily apply a general least squares approach to the cohort analysis. The 

DPAP model assumes that all the linear trends observed in the data can be attributed to 

age and cohort effects. In the present study, not only the full model but also the partial 

models, such as the model without the cohort effect, are considered. Such partial 

models can be easily estimated without the identifying restriction as provided by 

quation (2). 

 

2.3 Nakamura’s BC model 

Nakamura (1982, 1986) proposed the BC model in order to overcome the identification 

problem in cohort analysis, which is an extension of the basic idea of the empirical 

Bayesian modeling for linear problems developed by Akaike (1980). In the BC model, 

smoothness prior information is introduced for identification. It is assumed that the 

parameters of age, period, and cohort effects change gradually. In other words, the 

first-order differences in the successive effect parameters, 1+− ii AA , 1+− jj PP , and 

1+− kk CC  are close to zero for 1,...,1 −= Ii ; 1,...,1 −= Jj  and 1,...,1 −= Kk . 

Therefore, the following constraint is obtained. 
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where 2
Aσ , 2

Pσ , and 2
Cσ  are properly chosen constants and are called the 

hyperparameters in Bayesian modeling. Assuming that the effect parameters have prior 

normal distribution, Nakamura estimates β  by the mode of the posterior density 
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proportional to ( ) ( )222 ,,|| CPAyf σσσβπβ • . In order to determine the values of the 

hyperparameters, Nakamura adopts the Akaike Bayesian Information Criterion (ABIC), 

proposed by Akaike (1980). The ABIC is defined by 

    ABIC ( ) ( ) hdyf CPA 2,,||ln2 222 +•−= ∫ βσσσβπβ ,                      (4) 

where h  is the number of hyperparameters. 

For further details of the derivation of the BC model, see Appendix A and Fukuda 

(2006). In short, one can apply the weighted least squares estimation, given the values 

of the hyperparameters. Since the ABIC is a nonlinear function of 2
Aσ , 2

Pσ , and 2
Cσ , I 

use a quasi Newton-Raphson type of procedure to obtain the minimum ABIC.  

 

3. Data 

This section provides data description, and shows empirical findings on raw data. 

Finally, graphical analyses are implemented in order to obtain some information on age, 

period, and cohort effects. 

 

3.1 Data description 

Aggregate data on equity shares in Japanese household financial assets are obtained 

from the NSFIE. This survey has been conducted once every five years since the first 

survey in 1959. It aimed to provide information on various aspects pertaining to the 

lifestyles of Japanese citizens through a comprehensive survey of items such as 

household income and expenditure, savings and liabilities, consumer durables, 

residence, and residential property. Until the 1999 survey, only the households that 

comprised two or more persons were surveyed. However, the 2004 survey covered 

53,112 households with two or more members and 4,936 one-person households. In the 

present study, all households with two or more members are considered. The details of 

the 1999 and 2004 surveys can be obtained from website of the Japanese Statistics 
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Bureau (http://www.stat.go.jp/english/data/zensho/index.htm). Table 2 presents the 

receipts and disbursements per Japanese household. The households are classified into 

four types: all households (two or more persons), denoted by “AH”; workers’ 

households (two or more persons), denoted by “WH”; one-person (male) households 

denoted by “MO”; and one-person (female) households, denoted by “FO”. The average 

ages of the heads of AH, WH, MO, and FO households are 53.7, 46.5, 46.8, and 58.5 

years, respectively. The reason why the average age of the head of an AH household is 

greater than that of a WH household is that AH includes personal industrialists such as 

farmers with aged parents. In addition, the reasons why the average age of the head of 

an FO household is greater than that of an MO household are that more than 30 percent 

of the one-person households comprise aged persons living alone, and the life span of 

females exceeds that of males by more than 5 years. Data pertaining to receipts, 

expenditures, and their components are not available for any household type except 

WH. However, data on savings and its components are available for all types of 

households, since 1974. The website of the Japanese Statistics Bureau defines savings 

and its components as follows: “Total amount of savings is the sum of deposits to post 

offices, banks and other financial institutions; premiums for life insurance and damage 

insurance; securities including stocks and shares, bonds, trusts, etc.; deposits at 

non-financial institutions such as companies.” In the case of life insurance and damage 

insurance, the amount of savings denotes the accumulated total of the premiums paid 

since the insurance became effective, while in the case of stocks and shares, it is the 

total value of securities based on the market price. In the case of bonds, loan trust, and 

money in trust, the amount of savings is determined by the face value of the securities. 

In the present paper, I define equity shares in Japanese household financial assets in the 

following manner: 

    Securities/(Demand deposits + Time deposits + Life insurance, etc. + Securities). 



 10

In the subsequent sections, equity shares are presented in percentage. 

 

3.2 Table analysis 

Table 3 presents the cohort data for equity shares in Japanese household financial 

assets and the number of surveyed households. These data are divided into ten age 

groups (in years): under 24, 25–29, 30–34, 35–39, 40–44, 45–49, 50–54, 55–59, 60–64, 

65–69, 70–74, and over 75. In the two surveys conducted in 1974 and 1979, data on 

three age groups—65–69, 70–74, and over 75—were not obtained; instead, data on the 

age group of over 65 were provided. The average age in the age group of over 65 was 

70.1 in 1974 and 69.9, in 1979. For convenience in constructing the cohort table, this 

group is regarded as the 65–69 years age group. In addition, the average ages of the 

irregular age group of under 24 in the 1974, 79, 84, 89, 94, 99, and 2004 surveys were 

22.9, 22.8, 22.9, 22.7, 22.7, 22.8, and 22.8, respectively. For convenience in 

constructing the cohort table, this group is regarded as the age group of 20–24. With 

regard to the number of households, the movement of the aging population can be 

clearly seen. The most dominant age group changed from the 35–39 age group in the 

1974 survey to the 55–59 age group in the 2004 survey. Furthermore, the share of the 

25–29 age group decreased from 8.0 in the 1974 survey to 2.7 in the 2004 survey. 

This table reveals two noteworthy findings. First, for any age group, the equity 

share was largest in the 1989 survey. This corresponds to another fact that the stock 

prices, measured using the Nikkei Stock Average, were at their highest in 1989. 

Jianakoplos and Bernasek (2006) note that the U.S. stock market boom of the 1990s 

attracted more investors to financial risk taking. Second, the equity share increased 

with age. This finding is partially different from that of Jianakoplos and Bernasek 

(2006) for U.S. households. In their data sets, the peak was detected in the age group of 

48–53 in the 1989 survey and in the age group of 36–41 in the 1995 survey. As noted 
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by Iwaisako (2003), the Japanese peak arrives at a much later stage of the life cycle, as 

compared to other countries. In any case, the Japanese household data set reveals 

findings against the conventional wisdom that individuals prefer to take fewer financial 

risks as they age. Hereafter, when referring to a particular age group, its representative 

age, instead of its age range, is used, for example, 27 instead of 25–29. 

 

3.3 Graphical analysis 

As a preliminary analysis for age-period-cohort decomposition in Section 4, six 

two-dimension graphs are considered. Although the age effect and the period effect are 

independent each other, the cohort effect can influence the age and period effects. For 

example, which effect caused the empirical fact obtained in Section 3.2 that the equity 

share increases with age? Not only the age effect but also the cohort effect should be 

considered. Figure 1 composed of six graphs. In the age-cohort (AC) graph, equity 

shares for each age group are plotted where the birth year is marked in the horizontal 

axis. The solid lines show equity shares for individual age groups. The dashed line 

shows the average of equity shares for individual cohorts. In the present paper, this 

average is called the cohort movement. Unlike the cohort effect, the cohort movement 

includes not only the cohort effect but also the age and period effect. Similarly, the 

period movement includes not only the period effect but also the cohort effect. The age 

movement includes not only the age effect but also the cohort effect. In the cohort-age 

(CA) graph, conversely, equity shares for each birth cohort are plotted where the age 

group is marked in the horizontal axis. These two graphs provide interesting findings 

that the cohort movement is considerably larger than the age movement and that the 

fluctuations of equity shares among different age groups are much smaller than those 

among different cohort groups. These findings can provide natural inferences that the 

cohort effect is more significant than the age effect and that the increase of equity share 
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with age is caused by the cohort effect rather than the age effect. Similarly, other four 

graphs of AP, PA, PC, and CP are examined. Two other empirical findings are obtained. 

The AC and PC graphs show that the cohort movement has a clear downward trend. 

The AP and CP graphs show that the period movement looks like an inverted V shape 

with the peak of 1989. 

 

4. Empirical Results 

In this section, I first apply the DPAP models to the data sets discussed in the preceding 

section; next, I apply the BC models to the same data sets. 

 

4.1 Methodology 

A combination of three effects of age, period and cohort can provide 8 alternative 

models: APC, AP, AC, PC, A, P, C, and no-effect models. In the no-effect model, as 

shown in equation (1), only the constant term is included. I consider not only the 

original data but also the log-transformed and the logit-transformed data. It is well 

known that in many cases, the log transformation and the logit transformation can 

provide a homogeneous variance. As shown in Appendix A, the efficacy of these 

transformations can be evaluated. 

Furthermore, I adopt the assumption that the period effect can be modeled by 

share prices in household risk taking behavior. As discussed in Section 3.2, the equity 

share was largest in the 1989 survey for any age group. This corresponds to the fact 

that the stock prices were at their highest in 1989. Following an econometric study by 

Heckman and Rob (1985), in place of the unobserved period effect in equation (1), the 

Nikkei Stock Average, log transformed and detrended by a liner time trend, is 

incorporated 1 . 
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1 This suggestion provided by referees is greatly appreciated. 

This specification can be applied to APC, AP, PC, and P models. Therefore, I select the 

best model from among the 36 alternative models by using the minimum BIC or ABIC 

procedure. 

Except for the APC model, the identification problem does not occur. In the case 

of the DPAP method, the ordinary regressions without any restrictions are applied. In 

the case of the BC method, on the other hand, the estimation method with the 

smoothness restriction is not changed. 

    Finally, comments on the difference between the BIC and ABIC are appropriate 

here. The reasons of selecting not the AIC but BIC are two. First, it is well known that 

the BIC is a consistent statistic but the AIC is not. Second, as shown in Fukuda (2006), 

the BIC outperforms the AIC in the DPAP method. As shown in (4), the exclusion of 

the age or period or cohort effect improves the ABIC by 2 points, given the other 

conditions unchanged. Consider an example where residuals obtained by the APC 

model and the AP model are completely the same. This example shows that the ABIC 

for the AP model is better than that for the APC model by 2 points. On the other hand, 

the exclusion of the age or period or cohort effect improves the BIC improves 

considerably. The BIC is defined as follows. 

      BIC = -2 (log likelihood) 

 + (number of parameters) × log (sample size). 

In the present study, the cohort data with 10 age groups and 7 survey periods are 

analyzed. For example, the exclusion of the age effect improves the BIC by about 38 

( )70log(9× ) points, given the other conditions unchanged. The performance of the 

DPAP method depends not only on its model structure but also on the statistical 

properties of the BIC. Furthermore, regarding the BC method, the ABIC includes other 

factors, as shown in Appendix A. Needless to say, information criteria are not 
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omnipotent. 

 

4.2 Application of the DPAP method 

Estimation results obtained by applying the DPAP models are shown in Table 4. In this 

table, the BIC value and the standard error of regression are presented for each model. 

The boldface letters indicate these two estimates of the selected model. The selected 

model is the PC (period and cohort) model for the original data with BIC = 317.9. 

Herein, three empirical findings are noteworthy. First, the Nikkei Stock Average is not 

useful for modeling the period effect. Other stock price indexes, such as Tokyo Stock 

Price Index, provide similar results. One possible reason is that the time series 

movements of the period effect are moderately different from those of stock prices 

except for the peak of 1989. Second, the log transformation and the logit 

transformation are not efficient. Third, the age effect has negligible impact on equity 

shares. Three types of model comparisons are considered: between the full and 

two-effect models, such as APC vs. AP or AC or PC; among three two-effect models; 

among three one-effect models. Since the BIC of APC model is considerably larger 

than that of PC model, it can be naturally conclude that the age effect is less 

significant. 

Figure 2 displays the estimates of the effect parameters (solid line) and the 

computed plus/minus one sigma standard error (dotted line) obtained by the APC and 

PC models with no data transformation. First, examine the upper three graphs obtained 

by the APC model. The fluctuations of the age effect are considerably smaller than 

those of the period effect and those of the cohort effect. Next, compare two graphs 

obtained by the APC and PC models for the period effect. It is shown that two graphs 

are very similar to each other. Similar results are obtained for the cohort effect. In this 

subsection, the results obtained by the APC model are discussed. The period effect 
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traces an inverted V shape, and the cohort effect demonstrates a monotonically 

downward movement. Based on the range of the variation, which is defined as the 

maximum minus the minimum, the cohort effect with the range of 30.2 is larger than 

the period effect with the range of 11.3. The range of the variation of the age effect is 

only 3.2. The cohort effect moves downward from the older generation to the younger 

generation. 

What caused these movements of the cohort effect? As discussed in Section 1, the 

cohort effect can arise from differences in various kinds of resources such as social 

security entitlement and/or macroeconomic conditions that are available to different 

cohorts. This empirical finding corresponds to that provided by Jianakoplos and 

Bernasek (2006) for U.S. households. Their explanation is that younger cohorts harbor 

declining expectations of receiving U.S. social security benefits, perceive a lesser 

likelihood of receiving defined benefit pensions, and enjoy lesser job security, which 

makes them reduce the amount of financial risk. Similar things hold in Japan. The 

results of the public opinion polls on National Life that were conducted by the 

Japanese Cabinet Office suggest that the proportion of Japanese who are apprehensive 

about retired life increased nearly monotonically from 20.3% in 1981 to 51.8% in 2004. 

This uneasiness can reduce the degree of financial risk taken by the younger cohorts. 

Another possible explanation can be provided based on the trend of Japanese economic 

growth. It is natural to consider that high economic growth makes it easy for 

households and/or firms in given birth cohort to take more risk. The annual average 

growth rates for 1955-1970, 1970-1980, 1980-1990, and 1990-2000 are 9.7%, 4.4%, 

4.0%, and 1.2%, respectively. The cessation of the period of high economic growth in 

Japan seems to have induced an aversion to financial risk taking among households 

and/or firms. Barsky and De Long (1990) argued that investors perceived shifts in the 

long-run rate of future growth and that stock prices are sufficiently sensitive to 
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expectations about the future. Recently, Bonfim (2009) has observed that in periods of 

economic growth there may be some tendency towards excessive risk-taking by firms. 

 

4.3 Application of the BC method 

Table 5 compares the ABIC values and other parameter estimates ( 222 ˆ,ˆ,ˆ PA σσσ , 

and 2ˆCσ ) of the 36 models. Like the DPAP model, the Nikkei Stock Average is not 

useful for modeling the period effect. The boldface letters indicate the ABIC value and 

parameter estimates of the selected model, PC model for the original data, with the 

ABIC = 113.879. The second best model is the APC model for the original data with 

the ABIC = 113.896. The difference in the ABIC between these two model is only 

0.017. The hyperparameter estimates of the selected model are as follows: 80.8ˆ 2 =Pσ  

and .44.2ˆ 2 =Cσ  However, the actual variance of period effects should be obtained as 

80.804.2ˆˆ 22 ×=Pσσ 0.18= (see Appendix A). Other variances should also be obtained 

in the same manner. Hence, the period effect is larger than the cohort effect. Figure 3 

presents the estimates of the effect parameters (solid line) and the computed 

plus/minus one-sigma standard error (dotted line) obtained by the APC and PC models 

for the original data. Like the results obtained by the DPAP method, graphs obtained 

by the APC model and by the PC model are very similar to each other. Consider results 

obtained by the APC model. Based on the range of the variation, the cohort effect is 

23.1 and the largest, and the age effect is 1.5 and the smallest. Since there is little 

difference in the shape and relative magnitude of the period and cohort effects between 

the DPAP and BC models, empirical findings and their interpretations in the selected 

BC model are similar to those in the DPAP model. 

    Based on the estimation results obtained by the selected model, PC model, for the 

original data, the age-equity share profile is decomposed into period and cohort effects 

and the error term in Figure 4. It is clearly shown that the fluctuation of this profile is 
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caused not by the age effect but by the cohort effect in each year. The level of this 

profile is increased or decreased by the period effect. For 1974, for example, equity 

shares show a monotonically upward movement not by aging but by changing from the 

younger cohorts to the older cohorts; further, their level decreases by 2.3 points by the 

period effect. Similar results are obtained for six other survey periods. 

    To sum up, the PC model for the original data is selected from 36 alternative 

models. This result is obtained both by the DPAP method and by the BC method. The 

striking finding is that the most part of the age movement in equity shares can be 

explained not by the age effect but by the cohort effect. The introduction of Nikkei 

Stock Average for the period effect is inefficient modeling but confirms that the age 

effect is unimportant. 

 

5. Simulation Studies 

In this section, a robustness check is implemented in order to verify empirical results 

obtained in the preceding section, in particular, the striking finding that the age effect is 

unimportant. The following three types of simulations are considered. First, the effect 

of data contamination on the age-period-cohort decomposition is examined by 

assuming that the observed cohort data have more observation noises. In particular, the 

empirical result of unimportant age effect is investigated in terms of robustness 

properties. Moustaki and Victoria-Feser (2006) examine the effect of data 

contamination on the maximum likelihood estimator in a generalized linear latent 

model. In the present paper, this simulation is called data-contamination simulation. 

Second, a conventional simulation is considered. Since the main purpose of this 

section is to provide robustness check for previous empirical results, the 

data-generating process (DGP) should be set to be suitable for this purpose. A natural 

assumption is that the age effect roughly corresponds to the age movement, in spite of 
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the consideration that the age effect is different from the age movement because the 

latter contains not only the age effect but also the cohort effect. In the present paper, 

this simulation is called assumed-effect simulation. 

Third, in order to comprehensively evaluate the age-period-cohort decomposition 

performances of the DPAP and BC methods, various cohort data are constructed from 

the NSFIE. As shown below, 35 variables are obtained and analyzed using two models. 

Four DGPs considered are APC, AP, AC, and PC. Then, actual cohort data suitable for 

each DGP are selected from 35 alternatives. After the application of two models for the 

selected cohort data, the corresponding residuals are stored and resampled for the 

bootstrap simulation, in which it is examined how often the DPAP and BC methods 

select the assumed model from eight alternatives. Then, the frequency count of the 

correct model selection is calculated. 

 

5.1 Data-contamination simulation 

The purpose of this simulation is to examine the effect of data contamination on the 

age-period-cohort decomposition in the cohort table of equity shares. Analyzes of 

household consumption are often performed using not micro data but macro or 

aggregate data. For a recent example, Fernandez-Villaverde and Krueger (2007) 

applied the observed group means as a panel to estimate life cycle profiles of U.S. 

household consumption. This is because aggregate data approximately averages out 

expectational errors. In the present simulation, observation noise sequences are 

artificially generated and added to the observed cohort data. Thus, this simulation can 

provide useful information on the micro data analysis. 

The simulation is performed as follows. First, observation noises are artificially 

generated from i.i.d. Gaussian process with an assumed variance, added to observed 

cohort data on equity shares, and artificially generated cohort data are obtained. Next, 
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the two methods are applied to artificially generated cohort data. Then, the best model 

is selected from eight alternatives in each method. This simulation is replicated 1,000 

times, and the frequency count of the selected model is calculated. Three values are 

assumed for the noise variance. As shown in Section 4 (Tables 4-5), the estimates of 

the noise variance by the DPAP-APC model and by the BC-APC model are 1.45 and 

2.04, respectively. Therefore, in this simulation, three assumed values are set as 1, 4, 

and 9, respectively. 

    Table 6 presents the results of the data-contamination simulation. In the left side 

of this table, the frequency count of the selected model is shown. In the right side of 

this table, the frequency counts of the three cases showing the relative magnitude of 

the age effect fluctuations for the selected model. Case 1 is the case where the range of 

the variation in the age effect is larger than that in the cohort effect. Similarly, Cases 2 

and 3 are cases where the former is larger than the half and one-tenth of the former, 

respectively. Consider the result of the DPAP method with the noise variance = 1. The 

frequency count of selecting the PC model is 0.99, which shows that this size of the 

data contamination has little effect on the model selection. In the case of the noise 

variance =4, the frequency count of selecting the PC model decreases to 0.91, and the 

frequency count of Case 1 is 0.08. Thus, the large noise variance of 4 will change the 

striking finding of the small age effect at the 8 percent level. 

Next, consider the results of the BC method. In the case of the noise variance =1, 

the frequency count of selecting the PC model is 0.70. Thus, this noise variance will 

change the selected model from the PC model to the APC model at the 30 percent level. 

This result can be expected because as noted in Section 4, the difference in the ABIC 

between the APC model and the PC model is only 0.01. However, the striking finding 

of the small age effect was not changed. The frequency count of Case 1 is 0.00. In the 

case of the large variance of 4, the frequency count of Case 1 remains 0.03. Thus, the 
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large observation noise cannot change the striking finding of the small age effect. 

Finally, consider the results for the too large variance of 9. Two findings are 

noteworthy. First, the frequency count of selecting the APC model using the DPAP 

method is very small. As discussed in Section 4.1, the addition of the age effect 

worsens the BIC by 38 ( )70log(9× ) points and provide huge burden on the selection 

of the APC model. Second, the large noise variance increases the frequency count of 

selecting the PC model and the case of the large age effect in the case of the BC 

method. The increase in the PC selection seems to be inconsistent with the increase in 

the large age effect. However, the large noise variance makes parameter estimates 

unstable and can have two contradictory influences. On the one hand, the large noise 

variance makes it useless to add the age effect into the PC model. On the other hand, it 

sometimes provides the incorrect and large age effect. 

    To sum up, it can be concluded that in the case of possible data contamination, the 

striking empirical result of the small age effect in equity shares is very robust between 

the two methods, and that in the case of large data contamination, the BC method 

provides more robust performances than the DPAP method. Furthermore, it is shown 

that the DPAP method select more parsimonious model than the BC method, under the 

data contamination. 

 

5.2 Assumed-effect simulation 

The purpose of this simulation is to provide a robust check for obtained empirical 

results, considering empirically relevant situations for Japanese equity share data. In 

Section 3.3, the age, period, and cohort movements were considered in graphical 

analyses. For example, the cohort movement is obtained as the average of equity 

shares for individual cohorts. Thus, the cohort movement contains not only the cohort 

effect but also the age and period effects. Since it is difficult to assume an appropriate 
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DGP for the cohort effect, however, it is natural to consider that the cohort movement 

is assumed to be the cohort effect in this simulation. Similar things hold for the other 

effects.  

 The simulation is performed as follows. First, one DGP is selected from four 

alternatives: APC, AP, AC, and PC. Second, the disturbance sequences are artificially 

generated from the i.i.d. Gaussian process with an assumed variance, substituted into 

the selected DGP, and the artificial cohort data are obtained. Third, two methods are 

applied to these obtained data, and the best model is selected from eight alternatives. 

This simulation is replicated 1,000 times, and the frequency count of the selected 

model is calculated. Two values of the noise variance are set as 1 and 9, as discussed in 

the preceding subsection. Although observed cohort data are constructed from 10 age 

groups and 7 survey periods, larger cohort data with 19 age groups and 13 survey 

periods are additionally considered by interpolating individual movements. The aim of 

considering this additional cohort data is to examine whether or not the larger the 

cohort size the larger the frequency count of the correct model selection. Thus, 16 

cases are considered in total. 

    Table 7 presents results of the assumed-effect simulation. The frequency counts of 

the selected models using the DPAP and BC methods are shown in the left and right 

sides of this table, respectively. The boldface letter indicates the frequency count of the 

correct model selection. First, consider the results obtained for the cohort data with the 

cohort size = 70 (10 age groups and 7 periods), with the noise variance = 1 and with 

the assumed DGP = APC. Regarding the DPAP method, the frequency counts of 

correctly selecting the APC model and of incorrectly selecting the PC model are 0.32 

and 0.68, respectively. On the other hand, regarding the BC method, they are 0.83 and 

0.17, respectively. Thus, the BC method considerably outperforms the DPAP method. 

What causes this difference? Since the age movement and the cohort movement both 
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have similar upward trends, as shown in Figure 1, the high collinearity existing 

between the assumed age and cohort effects makes the correct age-period-cohort 

decomposition difficult in the case of the DPAP method. The Bayesian smoothness 

modeling as shown in (3) possibly reduces this kind of the collinearity in the case of 

the BC method. In addition, as discussed in Section 4.1, the exclusion of the age effect 

has larger positive impact on the BIC in the DPAP method. Next, consider the results 

obtained for the cohort table with the cohort size = 70, with the noise variance = 9, and 

with the assumed DGP = APC. Regarding the DPAP method, the frequency count of 

incorrectly selecting the AP model increases considerably. The BC method is also 

influenced by the large noise variance and the frequency count of the correct model 

selection considerably decreases. However, the large noise variance affects the BC 

method less than the DPAP method. In addition, the large cohort size improves the 

performances of the BC method but not the DPAP method. In particular, the frequency 

count of correctly selecting the APC model is very small in the DPAP method, since 

the properties of the BIC. 

    To sum up, it can be concluded that when there are similar trend movements in 

the age and cohort effects and the large disturbance term, the correct selection of the 

APC model is often difficult in the case of the actual cohort size, and that the BC 

method outperforms the DPAP method in most situations. In particular, the BC can 

correctly perform age-period-cohort decomposition in the case of the actual cohort size 

and the reasonable noise variance. 

 

5.3 Bootstrap simulation 

The purpose of this simulation is to comprehensively evaluate the efficacy of the DPAP 

and BC methods in more general situations. To this end, various cohort data should be 

considered. In the NSFIE, more than 100 items are available in the 2004 survey, but 
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there have been many changes in categorizations and definitions since 1974. Only 35 

items are applicable for constructing cohort tables. Data on each item have a trend 

component and thus are detrended dividing by total expenditure or else. Otherwise, the 

most influential effect would be the period effect for all cohort tables. After the 

applications of the two methods to these cohort tables, robust check for the obtained 

results is performed using the bootstrap simulation. In the case of the DPAP methods, 

the APC, AP, PC, and AC models are selected for 16, 12, 4, and 3 tables, respectively. 

To save space and keep balance, only three cohort tables for each model are considered 

and selected in order of increasing the percentage difference between the ranges of the 

variation in individual effects. Thus, 12 cohort tables are considered in total. For 

example, the APC model is selected as the best model for 16 cohort tables. In each 

cohort table, the range of the variation in each effect, defined as the difference between 

the maximum and minimum, is calculated. The percentage difference between the 

largest range and the smallest range is obtained for each cohort table. Three cohort 

tables are selected in order of increasing the obtained percentage difference. Thus, in 

the first selected table, there is the least difference in the range of the variation among 

three effects. The reason of this selection method is that the purpose of this simulation 

is to examine how correctly the two methods select the assumed model. Regarding the 

BC method, the APC, AP, PC, and AC models are selected for 28, 3, 3 tables, and 1 

table, respectively. In the case of AC model, only one table was obtained and thus two 

cohort tables are additionally selected from twelve cohort tables for which the AC 

model is not best but second-best. 

In order to examine how often the two methods select the correct model, a simple 

bootstrap technique (Efron, 1979; Freedman, 1981) is applied. The bootstrap 

simulation for the DPAP method is performed as follows. First, select a cohort table 

from twelve alternatives and apply the DPAP method. Then the parameter estimates 
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with the corresponding residuals are stored. Next, under the assumption that the 

obtained model is correct, obtained residuals are resampled and substituted into the 

assumed correct model, and the bootstrap sample is obtained. Finally, the DPAP 

method is applied to the bootstrap sample data, and the best model is selected from 

eight alternatives. This bootstrap simulation is replicated 1,000 times, and the 

frequency count of the selected model is calculated. All actual cohort data are 

standardized with zero mean and unit variance. 

    Table 8 presents results of the bootstrap simulation. In the left side of the table, 

the item name of the NSFIE and the range of the variation in each effect are shown. In 

the right side of the table, the frequency count of the selected model is presented. The 

boldface letter indicates the frequency count of the correct model selection. It should 

be confirmed that the lineup of items are different between the DPAP and BC methods. 

First, consider the DPAP result obtained for the first item, named “Demand or time 

deposit”. The correct model is assumed to be the APC model and the range of the 

variation in the age, period, and cohort effect is 2.873, 2.202, and 2.365, respectively. 

The frequency count of correctly selecting the APC model is 0.99, and that of 

incorrectly selecting the AP model is 0.01. Similar results are obtained for remaining 

eleven items. The frequency count of the correct selection is more than 0.96 for all 

items. It is concluded that the performances of the DPAP method are excellent. 

However, this conclusion is not surprising because any assumed correct model has 

highly significant age and/or period and/or cohort effects. The BC method does not 

outperform the DPAP method. 

In particular, consider results for the item named “Closing”. The frequency count 

of correctly selecting the PC model is only 0.65 for the BC method, while the 

corresponding frequency count is 0.97 for the DPAP method. In addition, the frequency 

count of incorrectly selecting the APC model is 0.31 for the BC method. The reasons 
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of the good performance of the DPAP method and the non-good performance of the 

BC method should be noted. As noted in preceding subsections, the DPAP method 

select more parsimonious model than the BC method. Regarding the DPAP method, 

since the addition of the age effect worsens the BIC by 38 ( )70log(9× ) points, and the 

frequency count of incorrectly selecting the APC model is only 0.01. On the other hand, 

in the BC method, the introduction of the age effect considerably decreases 2ˆCσ  since 

the cohort effect has upward movements (not illustrated here), and improves the 

marginal log likelihood, while the addition of one hyperparameter 2
Aσ  worsens the 

ABIC by only 2 points. 

    To sum up, the bootstrap simulation using various actual cohort tables provides 

evidence that the DPAP method outperforms the BC method. However, the following 

two points should be noted. First, the good performances of the DPAP method in 

correctly selecting the APC model depend on the strong assumption that the assumed 

period effect is orthogonal to a linear time trend. Second, the non-good performances 

of the BC method in correctly selecting the AC or PC model depend on the 

non-general assumption that the assumed effects have similar upward or downward 

trend movements (not illustrated here). Finally, regarding equity shares analyzed in 

Section 4, the frequency count of the correct selection is 0.99 for the DPAP method and 

0.88 for the BC method, respectively. Thus, empirical results in the present paper can 

be regarded as robust in terms of the bootstrap simulation. 

 

5.4 Summary of simulation results 

In this section, three different types of simulations were implemented mainly to verify 

a striking empirical result that the age effect is unimportant in equity shares. In the first 

simulation, named “data-contamination simulation”, the effect of data contamination 

on the age-period-cohort decomposition was examined. The conclusion was that in the 
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case of large data contamination, the BC method provides more robust performances 

than the DPAP method. In the second simulation, named “assumed-effect simulation”, 

the frequency count of the correct model selection was examined using artificial cohort 

tables constructed from the actual age, period, and cohort movements. The conclusions 

were that the DPAP method often fails to select the correct APC model but the BC 

method does not, and that the BC method can correctly perform age-period-cohort 

decomposition in actual situations. In the third simulation, named “bootstrap 

simulation”, the efficacy of the DPAP and BC methods was comprehensively evaluated 

in more general situations. The conclusions were that the DPAP method outperforms 

the BC method. 

Results of comparing the DPAP and BC methods are mixed, and it cannot be 

concluded that one method always outperforms the other. However, the robust check 

for the striking empirical finding of the unimportant age effect in equity shares seems 

to have successfully been implemented. First, as shown in Section 5.1, the addition of 

the possible observation noise to cohort data on equity shares cannot change this 

finding. Second, as shown in Section 5.2, even in the co-existence of similar trend 

movements between the possible age and cohort effect in equity shares, the frequency 

count of correctly selecting the APC or PC model is considerably high when the BC 

model is applied. Finally, as shown in Section 5.3, the frequency count of correctly 

selecting the PC model for the bootstrapped cohort data on equity shares is very high, 

particularly when the DPAP method is applied. 

 

6. Conclusion 

This paper provided a striking empirical finding: the main factor of the life-cycle 

movement of equity shares in Japanese household financial assets is not the age effect 

but the cohort effect. The data set employed was not the conventionally applied micro 
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data but aggregate data of The NSFIE. The latter were easily accessible and were 

classified by period and age. Due to the linear relationship among age, survey period, 

and year of birth, it was not possible to distinguish the separate effects of age, period, 

and cohort without employing a strong identifying assumption. In this paper, two 

identification methods were briefly surveyed and compared using comprehensive 

simulations and an empirical application. The DPAP method assumed that the period 

effect is orthogonal to a linear time trend. On the other hand, the BC method assumed 

that the parameters of age, period, and cohort effects change gradually. Another 

interesting conclusion was that these two different identification methods provided 

very similar empirical results. Furthermore, the introduction of Nikkei Stock Average 

for the period effect was inefficient modeling but confirmed this striking finding. 

    Simulation results for comparing two identification methods are mixed. It cannot 

be concluded that one method always outperforms the other. However, the robust 

check for the striking empirical finding of the unimportant age effect in equity shares 

seemed to be successfully implemented. The validity of these methods depends on the 

following two elements: model selection and decomposition method. First, eight 

alternative models were considered by combining the inclusion or exclusion of age, 

period, and cohort effects. For example, the inclusion or exclusion of the age effect 

was determined as a result of the model selection. In the BC method, one 

hyperparameter is added in inclusion of each effect in calculating the ABIC. In the 

DPAP method, on the other hand, the number of effect parameters minus one is added 

in inclusion of each effect in calculating the BIC. However, model selection in the 

DPAP method using the BIC did not appear to be popular and therefore needs to be 

investigated further. Second, in the DPAP and BC methods, the selected model, i.e., the 

PC model, does not necessarily need an identification assumption. Thus, in the DPAP 

method, we performed the ordinal regression without any restrictions. In the BC 
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method, on the other hand, the smoothness restriction was imposed in the PC model, as 

in the case of the APC model. 

Finally, the following two crucial points should be discussed. First, the two 

methods considered in the present paper do not adopt an econometric approach but a 

statistical approach wherein the data are self-explanatory. In this regard, Granger 

(2002) mentioned that “…statisticians are inclined to believe that all the available 

information about the problem being considered is in the data. The economist starts 

with the belief that the fundamental truths about the problem will be revealed from the 

use of economic theory….” Compared with the conventional econometric method, the 

advantage of the BC method is that it does not necessarily require explanatory 

variables and has the objective criterion of the ABIC. On the other hand, sometimes, 

conventional econometrics has a weak theoretical base with regard to the 

determination of explanatory variables. Herein, the disadvantage of the BC method is 

clear. Since it is based on a statistical modeling approach, its empirical findings cannot 

always be explained by all economic theories. It is natural to consider that both 

methods are not substitutive but complementary to each other. In particular, in the case 

where economic theorizing is difficult, the BC method should be applied for 

preliminary analysis, and the empirical findings should be examined in comparison 

with related empirical evidence obtained by other methods. 

    Second, discussions on the nonuse of micro data should be included. Micro data 

analyzes have been implemented to household behavior in a large amount of literature. 

However, there are several drawbacks in such analyzes. For example, in the estimation 

of life cycle profiles of consumption using the DPAP method, Fernandez-Villaverde 

and Krueger (2007) used not micro data but aggregate data on U.S. Consumer 

Expenditure Survey. They applied the observed group means as a panel for estimation 

purposes. Regarding the nonuse of micro data, they noted that “… a pseudopanel 
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reduces the attrition problem, approximately averages out expectational errors, and 

eliminates the need to control for individual effects since it aggregates across agents.” 

The reason of the nonuse of micro data in the present paper is the same as theirs. 

Furthermore, the advantage of aggregate data over micro data is clear. The 

age-period-cohort decomposition with aggregate data can be easily applied to various 

areas of social research. Then, the multivariate analysis of obtained effect parameters is 

a promising topic. For example, the correlation between the cohort effects obtained 

from different surveys can be easily calculated, and new empirical evidence is possibly 

provided. Cohort analysis is similar to business-cycle analysis in that aggregate data 

are decomposed into unobserved components. In business-cycle research, aggregate 

variables are decomposed into trend and cycle components, and a multivariate analysis 

of obtained cycle components, such as vector autoregressive analysis, has been 

implemented. Similar approach using cohort data is expected to play an important role 

in financial econometrics. 
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Appendix A: Derivation of the Bayesian Cohort Model 

In this Appendix, further details of the derivation of the BC model with more general 

case are shown. Since the observed data are possibly transformed, equation (1) is 

modified as 

       ,)( ijkjiij CPAYg εα ++++=                                    (A1) 

where )(•g  is a monotonically increasing function, and ).,0(~ 2
ijij wN σε  The 

variance of the disturbance term ijε  is assumed to be proportional to ijw which is 

known. It is generally difficult to set .ijw Since one major source of the variance is the 

sample size or the number of households for each cell of a cohort table, I can use its 

reciprocal as the relative magnitude of the variance (see Fukuda (2006)). However, this 

trial provides poor performance. Therefore, I assumed in the present study that .1=ijw  

The parameters iA , jP , and kC in (A1) are subject to the following constraints: 
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I can rewrite the model (A1) with the constraints (A2) in vector and matrix notation as 

         εβ += Xz                                               (A3) 

where )',...,,( 2111 IJZZZz = , )( ijij YgZ = , )'',( *βαβ = , ,,...,( 11* −= IAAβ ,,..., 11 −JPP  

)',..., 11 −KCC ,  )1( *XX = , )'1,...,1,1(1= , and .),...,,( 2111 ′= IJεεεε *X  is an 

appropriate )3( −++× KJIIJ  design matrix expressing the location of the effect 

parameters, iA , jP , and kC . This matrix for Table 1 is shown in Appendix B. The 

prime )('  denotes the transpose of a vector or a matrix.  

The likelihood of the model (A3) is given by 
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        =G diag
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Since age, period, and cohort effects all have the ordinary property, it is natural to 

expect that the successive parameters of the age groups, survey periods, or birth 

cohorts are not considerably different, or that they change gradually. Thus, the 

constraint (3) is obtained. In order to explicitly describe the expectation stated above, 

Nakamura assumes that the parameter vector *β  has the prior distribution defined by 
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where D  is an )3()3( −++×−++ KJIKJI  matrix expressing the first-order 

differences in the parameters, and =∑ diag { }222222 ,...,,,...,,,..., CCPPAA σσσσσσ . An 

example of D  is shown in Appendix B. If one specifies the values of 2
Aσ , 2

Pσ , and 
2
Cσ , it is reasonable to estimate β  by the mode of the posterior density proportional 

to ( ) ( )2222
*

2 ,,,|,| σσσσβπσβ CPAyf • . 

The remaining problem is how to determine the values of 2
Aσ , 2

Pσ  and 2
Cσ . As a 

criterion for the determination of 2
Aσ , 2

Pσ  and 2
Cσ , Nakamura adopts the ABIC 

which is defined by 

      ABIC log2−= (marginal likelihood) ,2h+  

( ) ( ) hdyf CPA 2,,,|,|ln2 *
2222

*
2 +•−= ∫ βσσσσβπσβ ,          (A7) 

where h  is the number of hyperparameters. In the BC model, the value of ABIC is 

evaluated approximately by 

ABIC ( ) hDDXWXDDGIJ 2||ln||ln||ln2ˆln 1
*
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For further details of the derivation of the estimate β̂ , its standard error, and ABIC, 

see Fukuda (2006). 
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Appendix B: A Specific Example of a Cohort Model 

Equation (A3) for Table 1 and the matrix D  are shown below. 
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        Period

Age
1960 1970 1980 1990

30－39

40－49

50－59

Note:　　         denotes data for i-th age group,　j-th period, and k-th cohort.

Table 1. An example of cohort data
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Item s

Item s of fam ily incom e and expenditure
All

household
W orkers'
household M ale Fem ale

N um ber of tabulated households 53,112 31,025 1,818 3,118

P ersons per household 3.26 3.52 1 1

Earners per household 1.49 1.70 - -

A ge of household head  53.7  46.5 46.8 58.5

Yearly incom e (thousand yen) 6,925 7,401 4,094 2,704

R eceipts (thousand yen) - 11,661 - -

  Incom e - 6,025 - -

    C urrent incom e - 5,891 - -

      W ages and salaries - 5,539 - -

      Business and hom ework - 29 - -

      O ther m ain business - 60 - -

      O ther current incom e - 264 - -

        R eturns from  assets - 11 - -

        S ocial security benefits - 216 - -

    N on-current incom e - 134 - -

  Receipts other than incom e - 4,702 - -

    S aving deposits cashed - 4,294 - -

    Insurance proceeds - 59 - -

    S ecurities sold - 5 - -

    D ebts for houses and land - 22 - -

    Installm ent, credit purchases - 292 - -

  C arry-over from  previous m onth - 934 - -

D isposable incom e (thousand yen) - 5,106 - -

D isbursem ents (thousand yen) - 11,661 - -

  Expenditure - 4,990 - -

    Living expenditure 3,841 4,071 2,298 2,113

    N on-living expenditure - 919 - -

      D irect taxes - 354 - -

        Earned incom e tax - 163 - -

        R esident tax - 155 - -

      Social insurance - 564 - -

        P ublic pensions fees - 323 - -

        H ealth insurance fees - 201 - -

  D isbursem ents other than expenditure - 5,711 - -

    S avings - 4,384 - -

    Insurance prem ium  paym ents - 461 - -

    S ecurity purchases - 19 - -

    P aym ents of debts for purchase of houses and/or land 291 374 85 49

    Installm ents and credit purchase paym ents - 327 - -

  C arry-over to next m onth - 960 - -

P ropensity to consum e（％） -  79.7 - -
S avings (thousand yen) 15,867 12,311 9,470 11,463

  D em and deposits 2,422 1,891 2,322 1,820

  Tim e deposits 7,253 5,222 3,794 5,814

  Life insurance, etc. 4,160 3,720 1,546 2,334

  Securities 1,730 1,027 1,556 1,360

Liabilities (thousand yen) 5,657 6,787 2,080 953

  Liabilities for purchase of houses and/or land 4,883 6,245 1,670 836

Tw o or m ore
person household

O ne person household

Table 2. R eceipts and disbursem ents per Japanese household
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1974 1979 1984 1989 1994 1999 2004

-24 749 429 367 347 372 337 217

25-29 3881 3380 2203 2074 1955 1948 1438

30-34 7552 7225 5748 4673 4444 3980 3405

35-39 8203 8716 8006 7578 6282 5246 4626

40-44 7981 7723 7807 8499 7829 6122 5284

45-49 6894 7035 6765 7610 8020 6968 5627

50-54 4954 5619 6099 6631 7258 7142 6456

55-59 3442 3446 5361 6170 5920 6413 6755

60-64 2476 2346 3352 5170 5170 5705 6430

65-69 2673* 2834* 2159 3021 4202 4850 5431

70-74 - - 1324 1755 2059 3308 4017

75- - - 763 1274 1442 2185 3426

-24 9.0 6.4 6.6 15.6 5.4 9.1 3.4

25-29 10.0 11.1 11.4 16.5 10.9 5.1 4.1

30-34 13.6 13.3 14.1 17.0 10.5 5.7 4.4

35-39 15.7 14.5 16.5 17.9 10.9 8.9 5.3

40-44 17.4 18.5 17.9 19.9 11.3 7.6 7.2

45-49 19.4 19.6 18.6 24.0 14.1 8.5 7.6

50-54 20.9 21.6 21.0 25.9 15.4 9.3 7.4

55-59 24.3 26.6 25.6 27.3 17.1 11.8 9.7

60-64 25.9 27.0 27.8 29.3 18.1 13.4 12.4

65-69 30.2* 28.0* 26.2 35.6 21.1 14.8 14.5

70-74 - - 25.4 44.4 22.7 16.4 14.0

75- - - 24.1 29.1 23.4 17.7 16.5

Note: * indicates the figure for the age group of 65 and over year old.

Equity share in financial assets (%)

Table 3. C ohort table of equity share in Japanese households

Survey period
A ge group

N um ber of households
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B IC B IC B IC

A PC 333.9 1.12 390.4 0.0135 375.6 0.0154

A P 363.0 3.96 353.9 0.0187 342.8 0.0225

AC 479.6 12.14 474.3 0.0604 470.8 0.0813

PC 317.9 1.45 363.8 0.0149 350.2 0.0174

A 480.9 30.73 482.7 0.1692 478.1 0.2244

P 467.1 30.29 460.3 0.1474 457.1 0.1994

C 443.5 12.52 440.6 0.0644 436.6 0.0862

C O N S T 486.0 57.06 484.0 0.2979 480.6 0.4012

A PC 366.0 2.25 381.4 0.0151 370.3 0.0182

A P 461.1 21.79 462.3 0.1191 457.3 0.1568

PC 344.1 2.85 362.7 0.0199 352.0 0.0242

P 478.3 48.12 475.4 0.2478 471.9 0.3337

Table 4. Estim ation results of the D PAP m odels

M odel
Log transform ation

Note: The boldface letter indicate the estim ate of the selected m odel. CO NST denotes the m odel

constant term  and age, period, and cohort effects.

with the constant term  and without age, period, and cohort effects. APC  denotes the m odel with the

No transform ation Logit-like transform ation

C ase1: the period effect is orthogonal to a linear tim e trend.

C ase 2: the period effect is described by share prices.

2σ̂ 2σ̂2σ̂
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M odel AB IC

A P C 113.9 1.82 0.15 10.01 2.65

A P 154.0 4.89 0.85 4.17 -

A C 208.7 14.60 - - 0.41

P C 113.9 2.04 - 8.80 2.44

A 255.9 32.98 0.17 - -

P 258.4 32.97 - 0.51 -

C 206.7 14.60 - - 0.41

C O N ST 285.1 57.06 - - -

A P C 120.2 3.18 0.07 - 1.84

A P 233.6 23.55 0.22 - -

P C 119.8 3.51 - - 1.52

P 273.2 48.12 - - -

A P C 147.4 0.02 0.92 3.97 0.00

A P 145.4 0.02 0.92 3.97 -

A C 208.4 0.08 0.00 - 0.44

P C 147.1 0.02 - 3.04 1.22

A 257.3 0.18 0.16 - -

P 251.4 0.16 - 0.53 -

C 206.4 0.08 - - 0.44

C O N ST 283.1 0.30 - - -

A P C 135.7 0.02 0.10 - 1.62

A P 234.5 0.13 0.21 - -

P C 137.3 0.03 - - 1.17

P 270.3 0.25 - - -

A P C 137.5 0.03 0.97 4.67 0.05

A P 135.9 0.03 1.02 4.57 -

A C 203.9 0.10 0.00 - 0.43

P C 136.1 0.03 - 3.77 1.40

A 252.8 0.24 0.16 - -

P 248.3 0.22 - 0.53 -

C 201.9 0.10 - - 0.43

C O N ST 279.7 0.40 - - -

A P C 125.6 0.03 0.10 - 1.75

A P 229.6 0.17 0.21 - -

P C 127.2 0.03 - - 1.27

P 266.7 0.33 - - -

constant term  and age, period, and cohort effects.

with the constant term  and without age, period, and cohort effects. APC  denotes the m odel with the

Table 5. Estim ation results of the B C m odels

O riginal data w ithout stock prices

Log-transform ed data without stock prices

Note: The boldface letter indicate the estim ate of the selected m odel. CO NST denotes the m odel

Logit-transform ed data w ithout stock prices

O riginal data w ith stock prices

Log-transform ed data without stock prices

Logit-transform ed data w ithout stock prices

2ˆ Pσ 2ˆ Cσ2ˆ Aσ2σ̂
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AP C AP AC P C O thers C ase 1 C ase 2 C ase 3

1 0.01 0.00 0.00 0.99 0.00 0.00 0.00 0.01

4 0.01 0.08 0.00 0.91 0.00 0.08 0.08 0.09

9 0.00 0.40 0.00 0.60 0.00 0.40 0.40 0.40

1 0.30 0.00 0.00 0.70 0.00 0.00 0.01 0.25

4 0.27 0.00 0.00 0.73 0.00 0.03 0.12 0.26

9 0.18 0.02 0.00 0.80 0.00 0.08 0.13 0.20

Table 6. Results of data-contam ination sim ulation

N ote: C ase 1 is the case w here the range of the age effect fluctuations is larger than that in the cohort

effect. Sim ilarly, C ases 2 and 3 are cases w here the form er is larger than the half and one-tenth of

the latter.

Frequency count of the selected m odel Frequency count of the selected caseA ssum ed

variance

D P AP  m ethod

BC  m ethod
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A PC A P AC PC O thers A PC A P AC PC O thers

70 1 A PC 0.32 0.00 0.00 0.68 0.00 0.83 0.00 0.00 0.17 0.00

70 1 A P 0.00 1.00 0.00 0.00 0.00 0.06 0.94 0.00 0.00 0.00

70 1 A C 0.01 0.00 0.76 0.23 0.00 0.04 0.00 0.95 0.01 0.00

70 1 PC 0.01 0.00 0.00 0.99 0.00 0.07 0.00 0.00 0.93 0.00

70 9 A PC 0.00 0.50 0.00 0.50 0.00 0.24 0.13 0.00 0.63 0.00

70 9 A P 0.00 0.96 0.00 0.03 0.00 0.04 0.78 0.00 0.18 0.00

70 9 A C 0.00 0.42 0.09 0.50 0.00 0.05 0.01 0.90 0.04 0.00

70 9 PC 0.00 0.44 0.00 0.56 0.00 0.10 0.06 0.00 0.84 0.00

247 1 A PC 0.10 0.00 0.00 0.90 0.00 1.00 0.00 0.00 0.00 0.00

247 1 A P 0.00 1.00 0.00 0.00 0.00 0.05 0.95 0.00 0.00 0.00

247 1 A C 0.00 0.00 0.92 0.08 0.00 0.05 0.00 0.95 0.00 0.00

247 1 PC 0.00 0.00 0.00 1.00 0.00 0.08 0.00 0.00 0.92 0.00

247 9 A PC 0.00 0.54 0.00 0.46 0.00 0.53 0.00 0.00 0.47 0.00

247 9 A P 0.00 1.00 0.00 0.00 0.00 0.08 0.84 0.00 0.08 0.00

247 9 A C 0.00 0.52 0.02 0.45 0.00 0.05 0.00 0.95 0.00 0.00

247 9 PC 0.00 0.43 0.00 0.57 0.00 0.10 0.00 0.00 0.90 0.00

N ote: Bold face letter indicates the frequency count of the correct m odel selection.

Table 7. Results of assum ed-effect sim ulation
Frequncy count of the select m odel

obtained by the D P AP  m ethod

Frequncy count of the select m odel

obtained by the BC  m ethod

C ohort

size

N oise

variance

D G P
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A ge Period C ohort A P C A P A C PC O thers

D em and or tim e deposit 2.873 2.202 2.365 0.99 0.01 0.00 0.00 0.00

S ocial expenses 2.119 0.687 0.944 1.00 0.00 0.00 0.00 0.00

Tobacco 4.180 1.129 4.178 1.00 0.00 0.00 0.00 0.00

Private transportation 2.214 2.367 - 0.00 1.00 0.00 0.00 0.00

Japanese clothing 1.697 1.823 - 0.00 0.99 0.00 0.00 0.00

Liabilities 1.850 2.054 - 0.00 0.99 0.01 0.00 0.00

Education 3.549 - 2.056 0.02 0.00 0.98 0.00 0.00

Travel expenses 3.600 - 3.689 0.02 0.00 0.98 0.00 0.00

Persons per household 3.153 - 2.351 0.02 0.00 0.98 0.00 0.00

C lothing - 3.728 3.211 0.01 0.02 0.00 0.97 0.00

Electricity - 2.560 2.200 0.01 0.00 0.00 0.99 0.00

Securities - 1.440 3.461 0.01 0.00 0.00 0.99 0.00

Bread 1.310 1.236 0.950 0.86 0.13 0.00 0.00 0.01

D em and or tim e deposit 1.970 2.406 0.930 1.00 0.00 0.00 0.00 0.00

S ocial expenses 2.077 0.687 0.843 1.00 0.00 0.00 0.00 0.00

Private transportation 2.158 2.339 - 0.06 0.94 0.00 0.00 0.00

B everages 2.050 1.489 - 0.08 0.92 0.00 0.00 0.00

Living liabilities 2.656 1.261 - 0.04 0.96 0.00 0.00 0.00

Education 3.452 - 1.861 0.09 0.00 0.91 0.00 0.00

R eading and recreation 3.434 - 2.598 0.19 0.02 0.79 0.00 0.00

Travel expenses 3.497 - 3.164 0.12 0.00 0.88 0.00 0.00

C lothing - 3.616 2.770 0.31 0.03 0.00 0.65 0.00

Securities - 1.428 3.191 0.12 0.00 0.00 0.88 0.00

Electricity - 2.443 1.872 0.07 0.00 0.00 0.93 0.00

N ote: Bold face letter indicates the frequency count of the correct m odel selection.

Table 8. Results of bootstrap sim ulation

D PA P  m ethod

B C  m ethod

Range of variation Frequency count of the selected m odel
Item  nam e
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Figure 1. The fluctuations of equity shares

(A ) Age-cohort (AC ) graph

Note: Solid line indicates equity shares for each age group, survey year, and birth
cohort. Dotted line indicates the average of equity shares.

(B)  C ohort-age (C A) graph

(C )  Age-period (A P) graph (D) Period-age (PA ) graph

(E) Period-cohort (PC) graph (F) C ohort-period (C P) graph
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Figure 2. Estim ated effect param eters for equity shares obtained by the DPAP  m odel.
Note: D otted line prots plus m inus one sigm a standard errors.
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Figure 3. Estim ated effect param eters for equity shares obtained by the BC  m odel.
Note: D otted line prots plus m inus one sigm a standard errors.
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Figure 4. D ecom position of age-equity shares profile for each year obtained by the B C m odel.
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