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ABSTRACT 

Dynamic Treatments of Heterogeneity 

by 

Trang Dinh 

 

In this thesis we present our treatments for agent unobserved heterogeneity 

in order to better predict their behaviors in several different classical dynamic 

models that are widely used in economics.  First, we capture heterogeneity in users’ 

preferences to predict their movie ratings. Our solution for the Netflix Prize 

competition combines user-based and item (movie) based methods in a spatial 

regression framework. Our best prediction made 8.8% improvement over Netflix’s 

current recommendation system.  

Next, we introduce heterogeneous income profiles in a model of housing 

choices where households have the options of renting, buying a house, and/or 

keeping the old house if they already have one. While most lifecycle models of 

consumption and saving assume that individuals are ex-ante identical and face the 

same income process, we allow for the more realistic setting where each individual 

faces a different income process. We are interested in how income profile 

uncertainty and learning affect household saving and housing decisions. We found 

that more knowledge about income profile leads to a higher housing level and faster 

wealth accumulation over the household life cycle. 
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We next conduct panel data analysis on the household lifetime asset 

allocation in three income groups (low, medium, and high income). Addressing 

heterogeneity in households’ saving and investing decision is essential in order to 

separate the aging effect from the household and cohort effect. We use the Panel 

Study of Income Dynamics (PSID) to detect changes in those behaviors due to 

retirement. Wealth decumulation appears only in the low-income group and not in 

the medium and high-income groups. An increase in liquidity demand and 

increasing risk aversion with age is evident in the low and medium-income groups, 

but not in the high-income one. 
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Chapter 1 

Netflix Prize, an econometric approach 

1.1. Introduction 

Netflix is a major provider of subscription-based on-demand streaming of 

online media. Since the movie preferences of the users are of paramount importance 

to their core business, Netflix sought to improve the accuracy of their movie 

recommendation system, Cinematch, by hosting a competition in 2006 for a single 

prize of $1,000,000. Participants registered as teams that were asked to submit a 

collaborative filtering algorithm that could do at least 10% better than Cinematch at 

predicting users’ movie ratings. Performance was measured by the root mean 

squared error (RMSE), or the square root of the averaged squared difference 

between each prediction and the actual rating rounded to the nearest 0.0001. 

In general, a movie recommendation system predicts how a user might like a 

particular movie based on his revealed preferences (rating history) and those of 
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other users with similar tastes. While the information for a user is limited to his 

ratings and the rating dates, the information for a movie is more diverse, including 

quality, genre, director, actors, and date released.1 Netflix has more than 5 billion 

movie ratings accumulated at the rate of 4 million per day2 with an average of 200 

rated movies per user. Cinematch does a good job of predicting users’ preferences, 

according to Netflix, with approximately 60% of users selecting the system's 

recommended movies. Netflix asks users to rate a movie from one to five stars and 

Cinematch can predict user ratings within half a star 75% of the time. Out of the 

recommended movies that are selected, half of them are given five-star ratings. The 

Q&A section for the Netflix Prize’s website comments that Cinematch's algorithm 

uses "straightforward statistical linear models with a lot of data conditioning." 

From a business standpoint, it makes sense that Netflix relies heavily on their 

recommendation system to keep their users subscribed. Users can finish watching 

all the blockbusters they want in a short time and, in order to prevent their queue 

from running empty, Netflix needs to entice them with more movies within their 

tastes.  Due to the monthly subscription model, there is no extra cost for a user to 

choose a recommended movie aside from the opportunity cost of not seeing others, 

making him more ready to accept recommendations. The more he watches and rates 

movies, the faster the system learns about his tastes.  

Recommendation systems have been in great demand since the rise of online 

commerce, news, and advertising. Amazon, the most successful online retailer, 

                                                        
1 This information can be extracted from movie databases such as IMDB but it is out of the scope of 
this paper.  
2Netflix Consumer Press Kit 07/2011. 
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stores information on customers’ searching and purchasing behaviors that their 

recommendation system can use to help customers choose appropriate items and 

reduce their searching time. The search giant Google also collects a great amount of 

information from users’ search history and profiles for targeted advertising, news 

recommendations, etc. 

The chance of winning one million dollars seems remote, but the opportunity 

to get one’s hands on such a large, rich data set and attempt to produce a 

recommendation algorithm that potentially has many applications is compelling. 

The Netflix Prize has inspired more than 40,000 teams all over the world to 

participate, among which more than 5,000 have valid prediction submissions. Our 

model is one of these valid prediction algorithms (Dinh et al., 2008).    

1.2. Collaborative filtering algorithms 

Collaborative filtering (CF) is a method of making automatic predictions 

(filtering) about the interests of a user by collecting preferences information from 

many other users (collaborating). It assumes that if two persons have the same 

opinion on a topic, they are also likely to agree on other similar topics. There are 

three major classes of CF methods: memory-based, model-based and hybrid (a 

combination of the first two methods). Memory-based CF methods use rating 

histories to detect similarities between users or items and make predictions based 

on computed similarity values. They usually involve finding the k most similar users 

or items based on some similarity measure that compose a neighborhood; the 
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prediction can then be written as a weighted average of all the ratings. The 

procedure sometimes generates a group of top N item recommendations that a user 

might be interested in (as seen on amazon.com). Most of the memory-based CF 

algorithms proposed for the Netflix Prize are based on movie similarity.  

Model-based CF methods use pure rating data to estimate or learn a model to 

make predictions. The model can be a Bayesian model, clustering model, regression 

model, or matrix factorization model with dimensionality reduction techniques. The 

Bayesian belief nets method works with a decision tree where each node 

corresponds to an item and the states of each node are its possible ratings. The 

clustering method classifies similar items into the same clusters. The regression 

method uses linear regression to make predictions. Matrix factorization is a 

dimensionality reduction technique (such as SVD) that removes unrepresentative 

users and items to reduce dimensionalities of the user-item matrix directly. 

We have seen most of the above methods used by Netflix Prize teams, and 

very often, many of them are combined. In fact, the winning solution (BellKor’s 

Pragmatic Chaos team) combines results from more than 100 methods.  

In this paper, we use the very first application of spatial regression in CF 

based on an econometric framework. We first start with the neighborhood approach 

and combine the content- and user-based analyses. In the content-based analysis, 

the movie information is used to compute similarity, while in the user-based 

analysis, ratings are used. We use the Pearson correlation between movies and 

between users as a metric to define the neighborhood of most similar movies and 
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users. We then use the spatial regression method with correlations between users 

and movies as distance to model the relationship between users and their ratings of 

similar movies.  

1.3. Data description 

The data set that Netflix provides participants (termed the training set) 

consists of more than 100 million anonymous ratings for 17,770 movies from 

480,000 users. These users are randomly selected by Netflix from a pool of 

customers who have at least 20 ratings between October 1998 and December 2005. 

Multiplying the number of users by the number of movies in the training set, we 

have 8.5 billion possible ratings, 100 million of which have been realized. We are 

thus faced with 8.4 billion unavailable ratings (either missing or to be predicted). 

The training set is stored in 17,770 data files corresponding to the available movies. 

Each file contains lines corresponding to ratings with the format “Customer ID, 

Rating, Date” where “Rating” is an integer from one to five. There is an additional file 

describing all movies with the form “Movie ID, Year Of Release, Title”. 

For each user in the training set, Netflix selects his most recent ratings to 

form the qualifying set containing 2,817,131 lines with the format “Movie ID, 

Customer ID, Date” for participants to predict the ratings by a user for a movie 

identified by “Customer ID” and “Movie ID,” respectively. The choice of using the 

most recent ratings for the qualifying set reflects Netflix’s goal of predicting future 

ratings based on past ones. The qualifying set is divided into two disjointed subsets, 
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quiz and test set, containing randomly selected lines from the parent set. Although 

participants must submit predictions for all ratings specified by the qualifying set, 

they are only informed of the score for 1,408,342 ratings of the quiz set, which is 

about half of those of the total, and this score is listed on Netflix Prize’s leader board. 

The score for the test set is only known to the jury and is used to determine 

potential prizewinners.  

Netflix also provides the probe set containing 1,408,395 ratings extracted 

from the training set that allows participants to test their algorithms before 

submitting them to run on the qualifying set. The format of the probe set is similar 

to that of the qualifying set except that it does not contain rating dates. An obvious 

feature of the probe set that is distinct from the qualifying set is that its true ratings 

can be found in the training set. The training, qualifying, and probe sets have a 

combined size of over 2 GB, which makes storing and managing them difficult for 

participants, especially for those using complex collaborative algorithms. 

As shown in Figure 1, the rating distribution has a mean of around 3.8 and a 

right tail that is slightly fatter than the left one, suggesting that people tend to watch 

movies that they consider good. With increased accessibility to news, online trailers, 

and peer reviews, users are more likely to watch and rate movies in their tastes with 

the help of accurate recommendation systems. 
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  Figure 1: Rating distribution  

 

  Table 1: Rating density in the training set3  

The rating density over movies and users in the training set is described in  

 Table 1 with users and movies ranked by decile according to their number of 

ratings. The most active 20% of users account for more than 60% of the ratings, and 

the top rated 20% of movies (about 3500 of them) accrue almost 90% of ratings. 

Predicting ratings on the lower right of the table thus presents more difficulty due to 

                                                        
3 Source: winstep.com, Netflix prize forum retrieved 11/2006. 
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relative lack of ratings for less popular movies and for users who rate movies 

infrequently. 

 

Table 2: Rating density in the qualifying set4 

The rating density of the qualifying set is described in Table 2, showing many 

fewer active users and popular movies compared to the training set. An active user 

tends to rate most of the movies that he watches, and thus there are not many 

missing ratings from him to be predicted. Similarly, there are not many missing 

ratings for popular movies since they tend to get rated after being watched. 

1.4. Spatial regression model 

Spatial Regression is a regression based on the distance between 

observations in the sample where each observation corresponds to a location or 

region. The regression model is based on the assumption that an observation at one 

location depends on its neighbors, and a metric is used to define such dependence in 

                                                        
4 Source: winstep.com, Netflix prize forum retrieved 11/2006. 
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the sample. Ideally, the relationship between observations is fully captured by the 

distance between locations based on this metric. 

First, we examine a population of n observations which are represented by 

vector y. A spatial weight matrix is a compact and convenient way to represent the 

spatial dependence among observations. Let W be the n x n spatial metric with 

elements Wij, characterizing the relationship between observations i and j, which by 

definition are non-negative. Moreover, W is symmetric since the distance from i to j 

is the same as the distance from j to i. We set Wij = 0 for all i. If the population is 

spread out, the dependence between observations is loose, making W sparse with 

many elements tending to zero. It is common to row-standardize W, so that row 

sums are unity (Anselin, 1988). 

A first-order spatial autoregressive process can be defined using the spatial 

weight matrix W as follows: 

   
     

          
                           (1) 

where Wy is the “spatial lag" of y, and  represents the strength of the spatial 

autoregressive relation between y and Wy. Let  min and  max be the minimum and 

maximum eigenvalues of W, then    ( min,  max). Since W is already row-

standardized,  min   (0, 1) and  max = 1. In other words, we only need to search for 

values of  from -1 to +1. Furthermore, if spatial dependence is positive,        . 

Anselin (1988) shows that least-square estimation of the first-order spatial 

autoregressive process produces biased and inconsistent estimates of . Maximum 
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likelihood methods can produce estimates with desirable properties such as 

consistency, efficiency, and asymptotic normality. The log likelihood function can be 

written as:  

                 
 

 
                 (2) 

         

where C is a constant. Maximum likelihood estimation of the model requires solving 

a univariate optimization problem with the spatial dependence parameter . The 

difficulty in this optimization is the computation of the log-determinant of the n x n 

matrix (     ). 

1.5. Estimation 

1.5.1. Cluster selection 

To predict the rating of user u for movie m, a task denoted by (u, m), we do 

not need to use the whole training set for 480,189 users and 17,770 movies. First, 

the data set is too big to handle. It is too slow to run even a simple algorithm on it. 

Second, it is sparsely populated with many entries lacking useful information. Third, 

most of the information is irrelevant to our current prediction. As a result, we start 

by extracting all information available in the database that might help our current 

prediction (u, m) by selecting a neighborhood of users and movies that are similar to 

u and m using the Pearson correlation as our similarity metric. 
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Let us consider two users v1 and v2 with the same Pearson correlation with 

user u. v1 has only rated two common movies with u while v2 has rated 20. We 

certainly would give more weight to v2 since his information is more likely to shed 

light on the behaviors of u. Our way to incorporate this effect into the similarity 

measure is to reweigh the Pearson correlation as follows: 

          
       

      
 

                 

                   
         (3) 

where      is the set of common movies that users u and v rate,      is the size of 

    ,    and     are the ratings of u and v respectively over     , and N is the total 

number of users in the data set. Similarly, we have the weighted correlation 

between two movies m and n as follows: 

          
        

      
 

                 

                   
    

                  (4) 

where      is the set of users who have rated both movies m and n,      is the size 

of     ,    and    are the ratings for movie m and n respectively from all users in 

    , and M is the total number of movies in the data set. 

The weighted correlations can now be used to select the cluster of the most 

similar movies and users. Besides using correlation for the cluster selection process, 

we also want to include as many ratings as possible in this cluster. For example, let 

us consider user v who is found to have similar tastes to u. Both of them have 

watched and rated many movies in common.  However, v has never watched movie 

m or any other similar ones, and v will bring into the cluster a whole array of 
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missing data. We call this user/movie an empty user/movie. There is a trade-off 

between users or movies that have many ratings and users or movies that are highly 

correlated with user u and movie m respectively. We create a procedure to 

compromise between these two criteria. 

 First, we compose set 1 from the 20 most similar movies to movie m, and the 

20 most similar users to user u. For set 2, we use the next 10 most similar 

movies to m and the next 10 most similar users to u. 

 Within set 1, from the users who are the least correlated with u, we find the 

first one with all missing ratings and replace him with the first user in set 2 

who has at least one rating. If there is no such replacement, we delete the 

user from the set. We repeat the same procedure on the movie sets.  

 We repeat until there is no empty user or movie. 

We now have a cluster of similar users and movies ready for the prediction process. 

1.5.2. Spatial regression 

Spatial regression framework serves our purpose quite well under the 

assumption that the dependency among ratings can be fully explained by the 

similarity between users and between movies. For the spatial dependency 

measures, we use the same weighted correlations used to rank similarity between 

movies and between users defined in the previous section. These correlations 

satisfy the requirements for a spatial dependency metric: non-negative and 

symmetric.  
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Let rum be the missing rating of user u for movie m, and the demeaned rating 

defined as follows: 

                                  (5) 

where       is the average rating of u's rated movies,         is the average rating of m 

from all users’ ratings, and    is the overall mean of ratings. To illuminate the 

purpose behind this demeaning procedure let us consider two users sharing the 

same tastes, with the first user always assigning 4 stars to movies he enjoys 

watching and the second always assigning 5 stars to his favorites. Their ratings are 

thus perfectly correlated but are never the same. We take this effect into account by 

subtracting 4 from the first user's ratings and 5 from those of the second user. 

Let X11 be the rating to be predicted for user u in the set of most correlated 

users and movie m in the set of most correlated movies. Let Wu be the user 

correlation matrix with typical elements Ucorru,v defined in equation (3), and let Wm 

be the movie correlation matrix with typical elements Mcorrm,n defined in equation 

(4). Note that all diagonal elements of Wu and Wm are set to zero by definition, and 

that Wu and Wm are also row-standardized so that their row sums are unity. We 

rewrite ratings and correlation matrices into spatial regression framework as 

follows: 

                                   
 
    (6) 

                          (7) 
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                         (8) 

where    and    are the number of similar movies and users respectively, and   is 

the parameter to be estimated. W is written as a linear combination of user 

similarity and movie similarity. It is also a non-negative and symmetric matrix 

whose row sums are unity.  

With this presentation, we do not assign any spatial dependence between 

ratings of two different users for two different movies. The dependence only comes 

when two ratings do not have either a common user or a common movie.   is 

estimated by optimizing the log likelihood function: 

                 
 

 
                            (9) 

If no previous prediction has been made, we use zero as the initial value for 

missing data in y. User, movie, and overall rating means are used as our first 

prediction. If there are several different predictions for a missing data point, we take 

their average as the initial value for our current regression. We use the linear grid 

search method to search for the optimal value of   since the log-determinant makes 

the log likelihood function not very smooth. The estimated   is then used to 

compute our predictions for all the missing ratings in y. This process is repeated 

until we arrive at stable values for all elements in y. The predicted rating of user u 

for movie m can then be retrieved by transformation of the first element of y using 

equation (5). The prediction process for all the ratings in the qualifying set takes 
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about two days on a shared computing facility called Sugar (Shared University Grid 

at Rice). 

1.6. Results and conclusion 

Table 3 shows the accuracy of our predictions. On the probe set, we made an 

improvement of 8.8% over Cinematch, which was quite close to the targeted 10%. 

However, the same algorithm applied to the quiz set only gave an improvement of 

3.76%. We tried different modifications of our spatial regression methods but still 

got large discrepancies between the results for these two sets, leading us to think 

that there might be some statistical differences between the two data sets that 

caused this anomaly, which later turned out to be the case. 

Method RMSE Improvement 

Overall mean 1.130 -17% 

Movie mean and overall mean 1.053 -15% 

Movie mean, user mean and overall mean 0.984 -2% 

Cinematch 0.965 0% 

Spatial regression (on quiz set) 0.93 3.76% 

Spatial regression (on probe set) 0.88 8.8% 

Table 3: Prediction results 

In February 2008, Netflix reported a bug in their sampling code that caused 

the discrepancy in the probe and quiz sets. They originally stated that only users 
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who rated at least 20 movies from October 1998 through December 31st, 2005 were 

included in the training set along with their ratings in that period. However, the 

reported bug ignored the ending cutoff date when selecting users and included 

those making the 20 movies threshold thanks to ratings made on or after January 

1st, 2006; however, these ratings were not included in the data set. As a result, the 

training set contains users with less than 20 ratings. There are more than 1,200 

users with only one rating in the data set, and they were present in the quiz set but 

not the probe set. This causes what we call a “cold start” problem where there are 

insufficient data on these “new users” for CF to work accurately. This problem is 

especially damaging for user-based algorithms like ours and lead to a big gap 

between the RMSE of the two sets.  

There is a consensus within the Netflix Prize community that a combination 

of around 50 estimators is needed to get an RMSE improvement of 10%. In our case, 

we need to find ways to incorporate the time variable in our algorithm and devise 

treatments for users with very few ratings included via the above-mentioned bug to 

account for the discrepancy between the probe and the quiz sets. An algorithm of 

choosing similar movies and users that optimizes the number of missing ratings in 

each cluster might be helpful.  We think that the ratings of the movies and users that 

have strong negative correlations with the movie and user being considered might 

also add useful information.  

 

  

http://en.wikipedia.org/wiki/Cold_start
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Chapter 2 

Housing choices and heterogeneous 

income profiles 

In this chapter, we model households’ housing decisions with heterogeneous 

income profiles. Households are ex-ante different in income process and learn about 

parameters of their income process through time. We are interested in how profile 

uncertainty and learning affect household saving and housing decisions. There have 

been several papers in the literature modeling housing choices. Campbell and Cocco 

(2003) use their model to examine the choice between fixed and adjustable rate 

mortgages. Cocco (2005) proposes a fixed cost of equity market participation and 

studies how the housing investment affects investors’ willingness to pay it. Yao and 

Zhang (2004) study the effects of the renting versus owning decision in portfolio 

allocation. In these models, households are ex-ante identical, facing the same income 

process but receiving different independent and identically distributed shocks of 
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earning. Guvenen (2007a) solves a life cycle model of saving with agents facing 

heterogeneous income profiles. They enter the labor market with a prior belief 

about their individual-specific profiles and learn over time in a Bayesian fashion. 

However, there has been no work on housing choice modeling with heterogeneous 

income profiles. First, we simulate the life cycle learning process and saving and 

housing decisions of households with heterogeneous income profiles. Second, we 

compare these behaviors with those of the households with full private information 

about the income profile. 

2.1. Income profile 

We start by considering an individual income process as proposed in 

Guvenen (2007b) where logarithm of labor income is described as:  

                             (10) 

                           (11) 

where    is household income profile intercept,    is household income growth rate 

and t is years of experience in labor market. Both     and     are i.i.d. and normally 

distributed random variables with mean zero and variance   
 and   

 , respectively. 

Each household income process is ex-ante characterized by the pair (  ,   ). 

This pair/vector is normally distributed with mean zero, variance   
  and   

 , 
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covariance    . We assume that households know   5 but not   . However, before 

entering the labor market, households do hold some private information about   , 

such as ability or special skills. By observing income    , over time, they will have a 

better knowledge about their income growth. If there is no persistent shock    , the 

learning process will be quite simple. Since households only observe    (index i will 

later be suppressed when it is obvious from the context), not its components, 

Guvenen (2007a) proposes a Bayesian learning method where households have 

their prior belief about their income process and update their belief at every new 

income realization. 

2.1.1. Bayesian learning process 

The Bayesian learning process can be described as a Kalman filtering 

problem with state space presentation. Let            be the state vector, the 

unobservable variables households are trying to learn about. The evolution of    can 

be expressed in a state equation as follows: 

 
  
 

    
    

  
  

  
  
 

  
 
   

 
  
                    (12) 

or                 
                    

           
         (13) 

Log income can be written as a linear function of current state variables and the i.i.d. 

shocks: 

                                                        
5 Guvenen (2007b) treats both    and    as unknown. However, in our model, having one more state 
variable would increase processing time significantly. We think treating   known still reserve most 
of our model aspects without adding much more complication. 
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        (14) 

Households start at time zero with a prior belief about the state variables that they 

are normally distributed with the mean      
  and variance      where 

     
    

     
 

     
 
       

    
  

     
 
       (15) 

Let t be the current time.        
  and        form the prior belief at the current time 

about the state variables. After observing income path    
    

      
  , household i 

goes through the updating process and derives the posterior belief about the state 

variables: normal distribution with mean      
  and covariance     . The evolutions of 

these posteriors can be expressed as: 

     
         

                              
  
    

         
         

       (16) 

                                         
  
                  (17) 

Using the updated posterior belief    
  and   , households can form a forecast for the 

next period state variables, denoted        
  and         where: 

       
          

              (18) 

               
                (19) 
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Note that posterior variance        does not have superscript i nor the hat accent 

since its evolution is deterministic and independent of income realization. In 

another words, all households have the same schedule for       . Moreover, it can be 

shown that posterior variance of    is monotonically decreasing over time.  

From equation (18) and equation (19), one can form an expectation about 

the next period log income: 

    
         

      
          

    
                        (20) 

The next period income forecast can be written as a combination of the 

updated posterior and other deterministic terms:             . 

2.2. Life cycle model with housing choices 

2.2.1. Preference 

Our economy consists of households who live for T periods, work for the first 

T* periods, then retire.  In each period t, households receive either labor income (if t 

≤ T*) or retirement income (if t >T*) and allocate their resources to a numeraire 

consumption good    and housing good    (   represents both housing size and 

quality). Preferences take the following form: 

         
   

     
     

   
          (21) 
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where   is the risk aversion coefficient and theta measures household preference 

for housing relative to consumption good. 

Households have a bequest motive represented by a function of final wealth      as 

follows: 

         
    

   

   
              (22) 

2.2.2. Labor income 

During T* working periods, household income process is described as in 

section 2.1.1: 

                   for t ≤ T*         (23) 

                          (24) 

After T* periods, households receive a retirement income, which is a fixed fraction   

of the income    of their last working period: 

           for t > T* 

Letting retirement income depend solely on the last working income rather than the 

whole lifetime income reduces the number of state variables in the model. It is also 

acceptable as all households have the same number of working periods. 
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2.2.3. Housing choice 

In each period, households can choose a housing level Ht and have options to 

either rent or own a house with that size. Once Ht is chosen, there is no difference 

between renting and owning in terms of contribution to the current period’s 

household utility.  However, it does not cost renters to adjust housing level at each 

period, while for house owners, the only way to change housing level is to sell the 

old house and buy a new one which will incur transaction cost τ (including agent fee 

and tax), as fraction of house value. Owning a house is also a form of accumulating 

wealth though unlike bond ownership, housing is an illiquid and risky asset. While a 

household can choose any positive bond level to hold, a household cannot choose a 

housing level below minimum house level Hmin. Housing wealth       depends on 

house price Pt which is assumed to have the following process: 

                          (25) 

where b is the house price trend and    is i.i.d. normally distributed with mean zero 

and variance   
 . For simplicity, we assume that house price shocks are i.i.d. and 

independent of income shocks. Adding persistent shocks for house price and 

correlation between housing and labor markets is reserved for future works.  

Lastly, house owners have to pay a maintenance cost as a fraction m of the 

current house value for normal wear and tear. We do not allow for home 

improvement and thus the only way to have a higher housing quality is to change 

housing level Ht, i.e. sell the old house and purchase a new one. 
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2.2.4. Financial assets 

We allow households to own two types of financial assets: bond and 

mortgage.   is the amount of riskless bond owned by households at period t 

yielding a riskless return of   .   should be positive at all times, i.e. there is no 

borrowing against consumption.  

Mt is the amount of mortgage with mortgage rate   . House owners can 

borrow against the value of the house, but they need a down payment of at least d 

percent of the house value, making: 

                       (26) 

We also impose a restriction on mortgage holding to prevent households from 

having mortgage debt at the final period. In late life, denoted by the last T periods, if 

a household still holds mortgage, we set a schedule to pay back the mortgage. At 

each period, a certain portion of the mortgage should be paid back to make sure 

there will be no mortgage debt at time T. This issue will be discussed further in the 

computational section. 

2.2.1. The household optimization problem 

Before setting up the household optimization problem, we define control 

variable    to represent the household decision on whether to rent or own a house. 
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We follow Cocco (2005) and define cash-on-hand   as the sum of household liquid 

wealth and current labor income. For a house renter, cash-on-hand is just the sum of 

bond holding and labor income, while for a house owner, cash-on-hand also includes 

mortgage amount: 

                     for a house renter     (27) 

                               for a house owner     (28) 

A renter has an option either to buy a new house or continue to rent. If he continues 

to rent, he can distribute cash-on-hand to consumption and paying rent, which is 

assumed to be a fixed fraction rent of the house value. The renter’s budget 

constraint is: 

                           if                            (29) 

If the renter instead decides to become a house owner, he can choose a new housing 

level      and have mortgage    : 

                          if                (30) 

A house owner has three options: keep the old house, sell the old house and 

buy a new one, or become a renter. If he keeps his own house, he has to keep the 

same housing level as the previous period and pay the maintenance costs, but can 

adjust a new mortgage amount: 

                           if                  (31) 
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If he buys a new house, he needs to choose a new housing level   , and a new 

mortgage amount   . He also needs to pay the maintenance cost on the old house 

along with the transaction cost for selling it: 

                                             

      If                  (32) 

If he becomes a renter, he also needs to sell his house, pay back the mortgage, and 

choose a new housing level to pay rent on: 

                                              

      if                  (33) 

The household optimization problem can be written as 

   
              

                               

 

   

  

The household’s Bellman equation can be written as 

               
              

                                      

where the state variables are        =                                      
   

s.t.                          

and the equations from (23) to (33). 
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The evolution of         is governed by the Kalman filtering recursion 

specified in equations (16) to (19). The expectation of the next period’s value 

function is taken with respect to the conditional expectation given in equation (20). 

What distinguishes this housing choice model from others is the way households 

form their expectations about their future income. Instead of having the saving and 

housing decision based on a common objective expectation, households are ex-ante 

different from each other, updating their belief in different paths and using their 

own expectations in the decision-making process. This is one step closer to the real 

life, but it costs us two extra state variables (        is a 2 by 1 vector) and the 

possibility of the curse of dimensionality. 

2.3. Parameterization 

A period in our model is one year. Households enter the labor market at age 

20, retire at age 60, and die at age 80. Variable t indicates economic age which starts 

at 0 (when households are at age 20) and ends at 60.   

Parameters for the income process taken from Guvenen (2007b) are 

described in Table 4. Except for  , parameters are estimated by Guvenen (2007b) 

using 26 waves of PSID (from year 1968 to 1993). The fraction of income parameter 

known by households ( ) is the parameter to be calibrated with  =0.62 being the 

value from Guvenen (2005). Although they use a different model without housing 

choices, this value is still valid for our simulation. An extension of this chapter would 
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be calibrating   to match the simulated housing profile with the empirical 

counterpart. 

Table 4: Parameters of the income process 

 

Table 5 summarizes the parameters used in our household optimization problem. 

We set the risk aversion coefficient to 5, the discount factor to 0.96, and the risk free 

rate to 2%. The down payment is at least 20% of the house value, and house owners 

pay a maintenance cost of 1% of the house value while renters pay 6% of the house 

value as rent. If households sell their house, they pay a transaction cost of 10% of 

   

Description  Parameter Value 

Autoregression  

parameters 

  0.821 

Household type 

distribution 

   1.5 

    0.009 

   
  0.022 

   
  0.00038 

     -0.23 

Fraction of   
   known 

by household 

  0.62 

Std. of the i.i.d. shocks   
  0.029 

   
  0.047 

   



 38 
 

the house value. We follow Yao and Zhang (2004) and set the preference coefficient 

for housing to 0.2 and the retirement income to 60% of the annual income of the last 

working year. The real house price growth rate is 16% as in Cocco (2005). 

Table 5: Parameters of the household optimzation problem 

   

Description Parameter Value 

Risk aversion   5 

Discount factor   0.96 

Preference for housing   0.20 

Down payment down 0.20 

Transaction cost   0.10 

Maintenance cost m 0.01 

Rent as a fraction of house value rent 0.06 

Risk free rate  rf 0.02 

Mortgage rate rm 0.04 

Retirement  income  rate   0.60 

House price trend b 0.016 

Std. of house price shocks   
  0.062 

2.4. Computation 

The optimization problem does not have an analytic solution and thus has to 

be solved numerically. Since it is a finite horizon problem, we utilize a backward 

induction method as in Judd (1998) to find the household optimal policy function. 
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We first draw 50 random pairs (  ,  ) of household types from a normal 

distribution with mean zero, variance   
  and   

 , and covariance     whose values 

are specified in Table 4. We simulate 100 income paths for each type of household in 

order to have a population of 50000 households and then solve the optimization 

problem to generate the decision rule for each type of household. 

2.4.1. State space discretization 

We discretize the state spaces into grid points to prepare for the numerical 

maximization routine with bond and housing level being approximated on unevenly 

spaced grids with the finer grid at the lower end. We also increase the grid size and 

redo the routine every time the bounds are reached. The grid for housing level is set 

exogenously with unevenly spaced grid points Hgrid=[h1, h2, ..hnH] with h1=Hmin. 

Hgrid are more coarsely spaced than grid points for bond Bgrid. Grid for mortgage 

rate Mgrid is set to be equally spaced with 15 grid points. We require households to 

pay off part of the mortgage each period, resulting in the mortgage grid being 

shortened by one point after each period. The number of grid points cannot exceed 

the number of years left before households turn 80. This ensures that households 

are left with no mortgage debt at the end of their life. For housing price, we start by 

approximating the i.i.d. house price shocks within 1.5 times standard deviation, 

using nP point grid. The approximated shocks are transformed into house price 

values using equation (25). 
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Solving the household optimization problem with heterogeneous income 

profile requires the updated posterior in the state space       
            with its two 

state variables approximated on equally spaced grids of nB and nZ points. To have 

the grid for           , we compute the maximum and minimum values of        
  for 

each household from 100 simulated income paths, and these extrema are then used 

to construct the grid for        
   Each pair (       ) corresponds to a different 

distribution of the next period’s income. As pointed out in Guvenen (2007b), the 

grid for these pairs should be consistent with         
  or we would have to solve the 

optimization problem with updated belief far off its grid points, leading to 

inaccurate extrapolation. We thus construct a grid for the next period’s income for 

each pair (       ) and add the income to form the triplet                 . Although the 

next period’s income is not explicitly a state or a control variable, it is still necessary 

to specify its grid for approximating the income distribution. We need to know 

about income realization to compute the new prior. Putting all state variable grids 

together, we have a state space size of nB  x  nH x  nM  x 2  x  nP x  nY  x  nB  x  nZ (     

can take only 2 possibilities, owning or renting). 

2.4.2. Control space discretization 

The control variables in our model are               with the grid for Dt, 

Dgrid, now consisting of 3 points instead of 2: rent, old house, or new house. At time 

point (t-1) in the state space, i.e. at each               , we rule out points on Bgrid 
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and Mgrid that are unreachable due to budget constraints. For example, for the case 

of a renter with resource   : 

If Dt=0   Bmax<Xt-rent · Hmin 

Hmax<Xt/rent 

If Dt=1   Bmax<Xt-Hmin  . (1-down) 

   Hmax<Xt/down 

This step helps to cut down searching time over grid points of control variables, 

especially for households with low assets. 

2.4.3. Value function 

As we search for the decision rules over household lifetime, value function 

has the size of nB  x  nH x  nM  x 2  x  nP x  nY  x  nB  x  nZ x T. Storing a matrix of this size 

in Matlab would exceed the allowed memory, which we can overcome by breaking it 

into two matrices: one for renter and one for owner (named Vown and Vrent). This 

partition is actually more efficient than expected: the value function of a renter does 

not depend on     . VownR and VrentR are the value functions of a house owner and 

a house renter after retirement that are not dependent on        . 
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The optimization problem is solved using backward induction. We start from 

the last period T with                         
    

   

   
. Note that during this 

period, house price is the only uncertainty, and there is no income at T+1. We 

optimize over the control variable grids to find the decision rule for the last period, 

which is then used to find the last period’s value function: 

               
              

              
    

   

   
  

           is passed on to the next step to find the decision rule and value function 

at T-1 and so on. After having the value function for each type of individual, (  ,  ), 

we use it to simulate the household’s 100 housing decision paths corresponding to 

100 income paths. We run the optimization processes at a shared computing facility 

at Rice that takes about 4 days to compute the value functions for all individuals. 
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2.5. Results 

Figure 2: Household income over life cycle 

  

Figure 2 shows the income means of our simulated population. At age 20, 

income average is 4.5, and there is no uncertainty about income after the economic 

age of 40. Figure 3 displays how house ownership change with age, showing that it 

stays quite high throughout the household lifetime with 100% of households still 

owning a house at age 60, and the percentage gradually decreases after retirement. 

In the final period of their life, 20% of the population still own houses, probably due 

to the bequest motive. Figure 4 shows that house sale rates stay high during 

household working life where labor income is uncertain. House sales are explained 

by the inability of households to pay off mortgages or the need to move to a higher 

housing level.  We require households to pay off part of their mortgage each period, 

and if households are not able to do so, they have to sell their house. The high sale 

rate during this period suggests that households are still learning about their 
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income process. Households also sell their houses towards the end of their life cycle, 

leading to a kink at around period 55. 

The simulated household wealth described in Figure 6 increases very slowly 

in the first 30 years, reaches the peak at age 60, and then decreases afterward. 

Figure 6 displays how the relationship between home equity shares changes with 

age. Home equity share stays high (from 60%-90%) throughout household lifetime 

and decreases with age at a very slow rate. Figure 7 shows that bond share 

increases with age throughout household life, starting at a very small level in the 

first 20 years of household working life, which suggests that households spend all 

their funds to pay their mortgage. Households do not wait to accumulate enough 

down payment to buy houses at a higher level and would rather start buying at the 

minimum level. They also upgrade to a higher housing level whenever they can. 

Figure 5 and Figure 6 both suggest that most households stay at the minimum 

housing level for a long time and can only achieve higher housing level close to 

retirement. Figure 8 shows that at the beginning, mortgage rate stays at 4 times 

household wealth and gradually decreases with age. Mortgage rate drops faster 

after retirement due to our requirement that households pay off their mortgage 

before age 80. 
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Figure 3: Homeownership rate over lifecycle 

 

Figure 4: House sale rate over lifecycle 

 

Figure 5: Total wealth over lifecycle 

 

Figure 6: Home equity share over lifecycle 

 

Figure 7: Bond share over life cycle 

 

Figure 8: Home equity share over life cycle 

 

20 30 40 50 60 70 80
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Homeownership rate over lifecycle

Age

H
o
m

e
o
n
e
rs

h
ip

 r
a
te

20 30 40 50 60 70 80
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
House sale rate over lifecycle

Age

H
o
u
s
e
 s

a
le

 r
a
te

20 30 40 50 60 70 80
0

2

4

6

8

10

12

14

16

18
Total wealth over lifecycle

Age

H
o
u
s
e
h
o
ld

 w
e
a
lt
h

20 30 40 50 60 70 80
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Home equity share over lifecycle

Age

H
o
m

e
 e

q
u
it
y
 s

h
a
re

20 30 40 50 60 70 80
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9
Bond share over lifecycle

Age

B
o
n
d
 s

h
a
re

20 30 40 50 60 70 80
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Home equity share over lifecycle

Age

H
o
m

e
 e

q
u
it
y
 s

h
a
re



 46 
 

  

Figure 9: Private information and bond holding 

 

Figure 10: Private information and housing level

 

Figure 11: Private information and 

homeowner total wealth

 

Figure 12: Private information and house sale 

rate 

 

In order to observe how profile uncertainty and learning affect household 

saving and housing decisions, we simulate our model in the case where each 

household has private information about the income trend β and faces no prior 

uncertainty about its value (i.e.   =1). We then compare the results with our 

benchmark case where   =0.62. The comparisons are shown in Figure 9, Figure 10, 
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Figure 11, and Figure 12 above6. During the first 15 years of household working life, 

there is no significant difference in saving and housing decisions between the two 

cases. With time, as households accumulate wealth as well as have higher income, 

they face more feasible housing options/levels. Households with full knowledge 

about the labor income trend are capable of choosing the housing levels which lead 

to a significantly lower sale rate. This saves them the transaction cost of 10% of 

house value. As a result, they can accumulate wealth faster and be able to choose 

higher housing level compared to our benchmark case. 

2.6. Conclusion 

We have modeled housing decisions in the context of heterogeneous income 

profiles in which households learn about their income profiles in a Bayesian fashion. 

Our simulations show that households stay at the minimum housing level for a long 

time and they can only achieve higher housing levels when close to retirement. We 

also found that more knowledge about income profile leads to a higher housing level 

and faster wealth accumulation over the household life cycle. An extension for this 

chapter would be to have a finer grid for the posterior in order to help to speed up 

household learning about their income process and produce a more realistic wealth 

age profile.  We might also consider a different mortgage constraint and see how 

this affects housing decisions. We would also like to introduce a more sophisticated 

house price process with persistent shocks and allow for correlation between 

                                                        
6 Results are the average of 100 simulated income paths of a representative household. 
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housing and labor markets. Stocks as another investment option might be added to 

have more complete household portfolio model. 
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Chapter 3 

The effect of aging on household asset 

allocation 

3.1. Introduction 

In this paper, we estimate the aging effect on household asset allocation 

across income groups. A typical household in the U.S. has a work life of around 40 

years, generating labor income that accounts for almost 70% of total income. 

Therefore, one might assume that households would start decumulating assets in 

retirement once labor income is no longer available. Other possible effects caused 

by households aging include change in composition of risky and riskless assets 

because risk tolerance might decrease (Samuelson, 1989) and liquidity preference 

due to increasing risk of health shocks. Furthermore, aging might have different 

effects on saving and investing behaviors of households in different income levels.  
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The asset allocation behavior of aging households is of particular interest to 

US policymakers as 80 million Baby Boomers enter retirement. Adjustment in their 

saving and investment strategies could greatly affect both housing markets and 

financial markets. The private sector also has an interest in the investment behavior 

of older households. Investment fund managers want to develop financial products 

and strategies that suit the needs of households in retirement. 

A large body of literature already focuses on household portfolio allocation 

age profile, but most papers use either cross-section or cohort analysis. Poterba and 

Samwick (2001) use three waves (1983, 1989, and 1992) of the Survey of Consumer 

Finance (SCF), a cross-sectional data set, to distinguish between age and cohort 

effects and to analyze the age profile of household portfolio allocation. Venti and 

Wise (2001) use cohort analysis on the Asset and Health Dynamics Among the 

Oldest (AHEAD) data to investigate housing equity of families aged 70 and older. 

Yang (2006) uses SCF data to construct synthetic cohorts of households in four 

wealth quartiles and finds a slow downsizing of housing stock as well as wealth 

decumulation. Ameriks and Zeldes (2004) use SCF data and the new panel data from 

TIAA-CREF to estimate stocks share equation while controlling for time effect, 

cohort effect, and age effect. They find a tendency for older individuals to shift out of 

the stock market but no evidence supporting gradual reduction in stocks shares 

with age. There are only a few empirical works on asset allocation using panel data 

regression methods (Coile and Milligan, 2009) and no investigation of post-

retirement asset allocation across income groups using panel data regression. 
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We analyze the Panel Study of Income Dynamics (PSID) data with a similar 

method to that of Coile and Milligan (2009), combining cohort analysis with 

regression to track the same households. Using fixed effect regression, they found 

significant estimates for the aging effect on home ownership, home and bank 

account shares. Our regression method differs in that it allows for both fixed and 

random effects to better capture the effect of retirement on asset allocation. 

Furthermore, we study how the age effect varies across households in different 

lifetime income groups. We look at two different wealth measures for households: 

total wealth that includes pension wealth, and non-pension wealth. By definition, 

households start to draw down pension wealth when they enter the retirement 

phase, but the evolution of non-pension wealth is still under investigation. For 

brevity, we use the term “wealth” in this paper to designate non-pension wealth. 

When we include pension wealth, we will make it clear by using “total wealth.”  

We first classify households into ten7 lifetime income groups using Diamond 

and Tung’s (2006) lifetime income profile estimation method. Pension wealth 

reported in the PSID data is not complete and requires some imputation procedures, 

and the resulting data are used to investigate household total wealth across income 

groups using cross-section analysis.  Next, we study the evolution of household 

wealth before and after retirement across three income groups (low, medium and 

high) with cohort analysis and panel data regression methods. 
                                                        

7 In the cross-sectional data analysis, we group households into ten lifetime income groups because 
its results are customized to be used as inputs for a computable general equilibrium model that 
estimates the economic burden of tax reform proposals. In the panel data analysis, some income 
deciles might not have enough observations for a certain asset types. We decide to group households 
into only three groups for this analysis. 
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3.2. Data description 

3.2.1. Wealth data 

The PSID is a longitudinal survey that follows a nationally representative 

sample of families and their descendants since 1968, consisting of data on economic 

and sociological behaviors of about 18,000 individuals living in 5,000 families. An 

important feature of the PSID is its ability to mimic the population change by 

following family members through major life events such as marriage, divorce, or 

leaving their parents’ homes to start a new family and, as a result, each individual in 

the sample can be traced back to his or her original family in the first year of the 

survey. In addition to these data that form the core of the PSID, there are 

supplemental data for the years 1984, 1989, 1994, 1999, 2001, 2003, 2005 and 

2007 that provide information about nine broad categories relating to wealth: home 

value8, bank accounts (including certificates of deposit and bonds), stocks, 

individual retirement accounts (IRAs), business, real estate, vehicles, mortgage, and 

debts9. Before 1999, IRAs were included in stocks and bonds, while later on, they 

were reported as a separate entry10. For each asset holding, we investigate three 

measures: value, share (percentage of asset value in the total asset11) and 

ownership (probability of holding the asset class). The PSID’s strength lies in the 

                                                        
8 We separate home value and mortgage while PSID use home equity measure. 
9 See Appendix A for a more detailed description of asset categories. 
10 The analyses of IRAs, checking accounts and stocks only use data taken from 1999 and later. 
11 Asset share can be a very large number when net wealth is relatively small due to high mortgage 
and debt. In order to have share stay in between 0 and 1, we divide asset value to the total wealth 
before mortgages and debts.  
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length of its panel data tracking the compositions of total wealth, with many 

individuals having their entire working periods covered. Moreover, changes in 

composition and age profile of wealth can be related to potentially important factors 

like employment, race, and education. As a result, it is the most suitable database for 

estimating lifetime income profiles and household portfolio age profiles. 

The PSID has one drawback in that it oversamples low-income families, 

making it difficult to analyze high-income ones. The original PSID was carried out by 

the Survey Research Center and was nationally representative but the subsequent 

addition of the Survey of Economic Opportunity, a national low-income family 

sample designed to investigate poverty-related issues, makes the wealth 

distribution of today’s PSID fatter at the low end.  

We construct panel data of household portfolios from all eight available 

waves for wealth data12. Starting with the original sample of 8,289 households, we 

drop all individuals with unknown year of birth or educational attainment.  

Households with business and real estate worth more than 10 million dollars are 

excluded as we think their investment behaviors are not typical. Observations with 

missing values for all asset and debt categories are deleted from our sample. Missing 

asset data happen most often to home value, affecting 440 households, while 

missing number for mortgages affect 738 households. If a household is reported to 

hold the asset but with a missing value (the answer is “don’t know” in the survey), 

                                                        
12 See Appendix B for a more detailed description of family file and individual file structure and 
merging procedure 



 54 
 

its data are still usable to calculate the participation variable, resulting in more 

observations in the participation analysis than in others. In the end, the total 

number of households for most analyses is 7,829. The PSID surveys do ask 

interviewees about their retirement status, which can be used to calculate number 

of years into retirement by tracking this status over the years of survey. We exclude 

cases of early retirement, disabilities, and those without significant change in their 

labor income after retirement. Finally, our analysis is based on the 7,19013 

households with positive wealth who appear 4.34 times on average. 

3.2.2. Income data 

From the data set for individuals, we select those who are heads of family in 

the year 2007, the last year of the wealth data, and trace them back to the first year, 

1989. Limiting to those who have worked at least 500 hours, our data set contains 

the information of 6,160 individuals, each appearing on average 7 times. The sample 

is 72% male and 62% Caucasian. If there is a husband-wife pair in the data, the PSID 

assumes the male to be the head of family, thus skewing the male ratio in our 

sample. Furthermore, if a head of a family is male, it is likely that he is in a two-

earner family, while female heads are usually the sole earner in their families. The 

PSID records education data with a variable specifying the actual grade of school 

completed that ranges from 1 to 17, where 12 and 16 represent high school and 

college levels, respectively. If a person has some post-graduate education, this 

variable is set to 17.  Taking the highest level of education achieved for family heads 

                                                        
13639 households have negative or zero wealth.  
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in the year 2007, we find that 33% of them have finished high school, 17% college, 

and 8.6% post-graduate education. Values for income variables are converted into 

2007 dollars using the average annual real interest rate reported by the Social 

Security Administration (Board of Trustee 2011).  

 

Figure 13: Head labor earnings by age 

Figure 1 shows how the mean labor earnings have evolved with respect to the head 

of household’s age. Wage starts at 10,000 dollars per year at age 20 and peaks at age 

55-57 with a value of around $50,000. 

3.3. Lifetime income estimation 

An obvious measure of household lifetime income is the average of actual 

labor incomes over a certain range in age, but it is not easy to have a complete 

income history for each individual. One difficulty is that the pattern of wage growth 

differs greatly across individuals with different education levels, professions, and 
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skills. Moreover, missing data for those variables heavily affect the measurement 

accuracy. Social Security benefits are sometimes used as a proxy for the lifetime 

earnings of retirees (Venti and Wise, 2000). While this strategy has the advantage 

that data are available for most individuals of age 65 or older, it underestimates the 

lifetime income of those with higher labor earning than the wage cap since all of 

those individuals contribute the same amount to the Social Security.  

Our measure of lifetime income is instead the sum of annual labor incomes 

over a working life with values converted to 2007 dollars. We overcome the 

problem of missing data by utilizing a characteristics-based estimation method 

similar to those in Diamond and Tung (2006), Johnson (2000), and Fullerton and 

Rogers (1993).  This has the advantage of maintaining the influence of an 

individual’s characteristics on his earnings. The procedure is described as follows: 

 Run a fixed effect regression of the log of hourly wage on individual 

characteristics such as education, sex, race, and a quadratic form of age.  

 Use the fitted values to construct an income-age profile for each individual. 

 Use the income-age profile to compute the lifetime income as the sum of yearly 

labor income for each head of family, which is then used to sort individuals 

into different lifetime income groups. 

Although the list of individual characteristics is by no means exhaustive, this 

method is considered to give good estimates of lifetime income profiles. 
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3.3.1. Wage regression 

We first impose a quadratic function form for the age variable. Since the 

characteristics for individuals are assumed to be time invariant, any linear direct 

relationship between them and wage is not identified. However, by interacting these 

variables with age, we can see how they affect the age profile of income. There are 

other variables that might influence lifetime income like experience, occupation, 

motivation, and unobserved ability. Not including them might lead to omitted 

variable bias, and we try to address it by adding a fixed effect for each individual 

that captures the effects of the omitted variables. 

The wage regression can be written as follows: 

                  
       

       
                  

   
 

           (34) 

where     is the log of hourly wage of individual i in year t in 2007 US dollars,     is 

the age of individual i in year t,    are variables for head characteristics (education, 

race, sex, etc.), and   is the fixed effect for individuals. Parameters of equation (1) 

are estimated using the fixed effect method. Results of the fixed effect wage 

regression are described in the first two columns of Table 6, showing that all 

coefficients are significant except those for the variable agesqedu (defined as age2· 

education). Education has a positive effect on the age profile of the log of hourly 

wage. Female heads earn less than male counterparts, and Caucasian heads earn 

more than non-Caucasian ones. If the individual fixed effect represents an 

unobserved ability, it might have high correlation with education.  To check this, 
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parents’ education (the higher value of the two parents) is introduced as an 

instrument for education, and is found to be highly correlated with the education, 

but not the income, of the children. 

Table 6: Wage regression 

  

         Fixed-effect   Fixed-effect with IV 

Variable Coeff.   Std. Err.   Coeff.   Std. Err. 

age 0.069478*** 

 

0.016809 

 

0.909498*** 

 

.0490196 

age2 -0.012*** 

 

0.000585 

 

-.022126*** 

 

.0009085 

age3 0.000214*** 

 

1.13E-05 

 

.000191*** 

 

.000012 

age4 -1.3E-06*** 

 

7.75E-08 

 

-1.16E-06*** 

 

8.20e-08 

age · education 0.00204** 

 

0.001048 

 

-.0628082*** 

 

.0037363 

age · female -0.09911*** 

 

0.005665 

 

-.118287*** 

 

.0059781 

age · white 0.036276*** 

 

0.005484 

 

.0792607*** 

 

.0063114 

age2 · education 5.6E-06 

 

1.74E-05 

 

.0008619*** 

 

.0000631 

age2 · female 0.000886*** 

 

9.57E-05 

 

.0011526*** 

 

.0001018 

age2 · white -0.00025* 

 

9.86E-05 

 

-0.00093*** 

 

0.000118 

_cons 7.343*** 

 

0.039295 

 

7.285423*** 

 

0.041934 

R2 0.0349 

   

0.0052 

  Num. of observations 65683 

   

65683 

  Num. of individuals 6306 

   

6306 

  Notes: Statistical significance at the 10%, 5%, and 1% levels is indicated with one, two or three 

stars, respectively. Instrument variables are age · parenteducation and age
2
 · parenteducation.  

 

The results for fixed effect regression with instrumental variables are 

described in the two far left columns of Table 6. The estimates imply that education 

has a negative effect on the age profile of labor income. Compared to Table 6, the 

coefficient on education has changed sign and the overall R-squared has decreased, 
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implying parents’ education might be a weak instrument. The estimates from the 

fixed effect regression are then used to compute the lifetime income measure. 

3.3.2. Lifetime income profile 

Starting with the hourly wage for each individual based on the fixed effect 

regression estimates and multiplying it by 4000 hours, we get the potential annual 

labor income. The sum of the present values of these incomes over the working 

years gives us a measure of lifetime income, which we can use to sort individuals 

into ten income groups. The predicted wages are fitted with a quadratic function 

with respect to age to emphasize the distinction between income groups as shown 

in Figure 14. 

Figure 14: Lifetime Income profile (10 income groups) 
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Wages seem to peak at around the age of 50 and get steeper for higher-

income groups, while the results from Diamond and Tung (2006) show wages 

peaking at the age of 45.  Moreover, our income profiles starting at age 20 are 

steeper and peak at $70 per hour, while theirs peaks at $40 per hour.  On closer 

inspection, although they themselves use the PSID data with the same regression 

method, our sample has three more waves for the years 2003, 2005, and 2007, with 

the final wave 6 years later than theirs. If we convert their numbers into 2007 

dollars using our interest rate assumption (conversion coefficient is 1.17) and take 

into account the annual wage increase rate (20% from 2001 to 2007)14 , the two 

figures become closer. 

Table 7: Ten Lifetime Income Groups in details 

Income 
group N 

Hourly 
wage at 

age 20 

Hourly 
wage at 

age 50 
Lifetime 
Income Education Female White 

1 859 4.03 6.99 289602.30 11.88 0.53 0.43 
2 844 6.33 11.25 482903.90 12.13 0.47 0.46 
3 828 7.59 14.23 607777.70 12.32 0.37 0.49 
4 765 8.85 17.17 728237.80 12.51 0.29 0.56 
5 709 10.08 20.11 848537.60 12.88 0.24 0.60 
6 748 11.32 22.97 968938.20 13.11 0.19 0.67 
7 619 12.71 26.70 1120534.00 13.55 0.19 0.70 
8 747 14.61 31.85 1311717.00 13.90 0.17 0.73 
9 664 17.42 40.37 1599861.00 14.44 0.17 0.77 

10 659 28.25 70.21 2720224.00 15.18 0.13 0.82 
 

Detailed statistics on the ten income groups are shown in Table 2. As the 

income group index increases (income gets higher), the education level rises while 

the percentage of female heads decreases. The proportion of female heads for the 

                                                        
14 Source 2011 OASDI Trustees Report 
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lowest-income group is 53%, while it is only 13% for the highest-income group. The 

highest-income group also has the highest percentage of Caucasians, 81.5%, as 

opposed to 42.8% in the lowest-income group.    

3.4. Pension wealth imputation 

Although the PSID provides supplemental data on pension wealth, it has been 

shown that households are unable to accurately report the details of their pension 

plans. As a result, there are many missing values, and an imputation procedure is 

required to fill them in to compute the household total wealth. Our imputation 

method is similar to that in Diamond and Tung (2006) and Rubin (1987). 

3.4.1. Imputation method 

Rubin (1987) proposes a multiple imputation procedure that replaces each 

missing value with a set of plausible values that represent the uncertainty on the 

right value to impute. The procedure has three steps: 

• The missing data are filled in m times to generate m complete data sets. 

• The m complete data sets are analyzed using standard procedures. 

• The results from the m complete data sets are combined for the inference. 

We assume multivariate normality and use the Markov chain Monte Carlo (MCMC) 

method, which creates multiple imputations by using simulations from a Bayesian 

prediction distribution for normal data. Jeffreys prior, a non-informative prior, is 
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first used to provide the population mean vector and covariance matrix for the 

imputation step (I-step) that simulates the missing values for each observation 

independently. These estimates are used in the posterior step (P-step) to simulate 

the posterior population mean vector and covariance matrix that are subsequently 

used in the I-step in the next iteration. The iterations of the I-step and P-step create 

a Markov chain that converges to a stationary distribution, from which we can 

calculate the mean of the m complete data estimates to get the point estimate for the 

missing data from multiple imputations. To produce high-quality imputations for a 

particular variable, Rubin (1987) suggested including variables that are potentially 

related to the imputed variable. The lost precision from including unimportant 

predictors is usually a relatively small price to pay for strengthening the validity of 

subsequent analysis of the data set created from multiple imputations.  

3.4.2. Imputations 

Pension wealth can be categorized into 3 main types: defined benefit (DB), 

defined contribution (DC), and others that include veteran’s benefits, annuity, and 

other forms of pension retirement fund. Our imputation procedure aims to fill in 

entries of individuals who report a pension plan but do not know the plan type and 

cannot estimate the future benefit.  We sort these individuals according to whether 

they are working or not, plan type (DC or DB15), and whether their pension plans 

                                                        
15If the individual reported his pension plan to be either both DC and DB, don’t know, or refuse to 
answer, he is considered having a DB pension plan. 
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are covered by their current or previous16 employer. In each category, we divide 

individuals into 3 lifetime income groups and perform the imputation procedure 

separately on each one. The variables in the imputation procedure are current age, 

expected age of receiving benefits, number of years in the current plan, gender, 

number of pension plans, union status, job duty, and industry. The numbers of 

imputations made in each category are reported in Table 8. 

Table 8: Number of imputed pension values in each category 

Variable Number of 

imputed values 

Number of total 

observations17 

Current job Annual DB 940 1345 

Current DC balance 342 1112 

Previous job 1 annual DB 46 115 

Previous job 1 DC balance 44 170 

Previous job 2 annual DB 20 40 

Previous job 2 DC balance 18 46 

 

Reported pension benefits are either a lump sum amount, a percentage of 

final annual salary, or an amount received weekly, monthly, or annually (except DC 

pensions being reported as pension balance). We convert these amounts along with 

                                                        
16PSID provides pension plans of up to 2 previous employers. 
17 Individuals who report benefits in form of annual amount  
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the imputed benefits into present values, and use them as components of individual 

pension wealth. 

3.4.3. Pension wealth 

Throughout this section, we group households into ten groups based on their 

estimated lifetime income and into age cohorts: less than 30, 31-40, 41-50, 51-60, 

61-70 and greater than 70. 

Figure 15: Household total wealth by age cohorts 

 

Notes: p25, p50, and p75 stand for 25
th
, 50

th
, and 75

th
 percentile. 

Figure 15 describes household total wealth evolution across age in the mean, 

25th, 50th, and 75th percentiles of total wealth. Household total wealth median peaks 

at age 61-70 at $380,000 while the mean peaks at $640,000, indicating a great 

dispersion in total wealth. Total wealth drops about 25% after age 70 in all three 

percentile groups. Diamond and Tung (2005) report that total wealth peaks at an 

earlier age of 51- 60, suggesting that households in the age cohort 51-60 are the 
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richest in 2001 (the year of the paper) and still maintain this status in 2007 while 

becoming the age cohort 61-70 in our analysis. In the meantime, the younger cohort 

age of 41-50 in 2001 did not accumulate enough wealth to become the richest 

cohort in 2007 (cohort 51-60). 

To investigate the effect of including pension wealth into our total wealth 

measure, we plot household wealth (the non-pension measure) with respect to age 

cohort and lifetime income percentiles in Figure 16. Wealth decumulation after 

retirement is not as pronounced as in total wealth when pension is included, with 

only a slight decrease in mean wealth for the 75th percentiles and no detectable 

change for the 25th and 50th percentiles. This is consistent with the findings in 

Milligan (2004) and Diamond and Tung (2006) that including pensions in total 

wealth supports the decumulation hypothesis. 

Figure 17 describes the evolution of pension asset (including IRA) shares in 

the household total wealth across age cohort. DC pension shares start to decrease 

earliest at age 41-50, before household income starts to drop, whereas shares of DB 

pension and total pension decrease later at age 51-60, when households start 

receiving benefits. Shares of other pension funds (pv) and IRAs decrease the latest, 

at age 61-70.The total pension share at retirement age is at its peak of 28%. 
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Figure 16: Household wealth by age cohorts 

 

 

    Notes: p25, p50, and p75 stand for 25
th
, 50

th
, and 75

th
 percentile. 

Figure 17: Pension assetsshares across age cohorts 

 

 

Notes: db, dc, pv, and allpen stand for defined benefit, defined contribution, other 

pension funds, and total pension wealth . 
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3.5. Lifetime wealth profile across income groups 

In this section, we investigate how the age profile of household total wealth 

varies across income groups. We trace the mean of total wealth across 6 age cohorts 

and 10 income groups (denoted li1 to li10 for low to high income) as shown in 

Figure 18. There are again large dispersions in total wealth across income groups 

with the richest group being almost twice as wealthy as the next one. Not all income 

groups display wealth decumulation after retirement, with the effect only evident in 

the richer groups (10, 9, 7 and 6), an anomaly we are yet unable to explain.  

Figure 19 describes how share of stocks in the total wealth changes with age 

cohorts and income groups. Households of all income levels keep holding more and 

more stocks in their portfolio even at old age, with the richer households having a 

larger share of stocks in their portfolios. During working years, households in the 

poorest income group hold almost no stock, while those in the richest income group 

have 10% of stocks in their portfolios. This share rises even more to 16% at age 70 

or older. Richer households also have larger share of IRAs in total wealth (Figure 

20).  However, IRAs are different from stocks in that IRAs share declines at age 61-

70. 
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Figure 18: Total wealth across age cohorts and lifetime income groups 

Notes: liN  stands for the N th decile income group with larger N  

 indicating higher income. 

 

 
Figure 19: Stock shares across age cohorts and lifetime income groups 

 
Notes: liN  stands for the N th decile income group with larger N  

indicating higher income.  
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Figure 20: IRAs shares across age cohorts and lifetime income groups 

 
Notes: liN  stands for the N th decile income group with larger N  

indicating higher income. 

 
 

Figure 21: Pension shares across age cohorts and lifetime income groups 

 
Notes: liN  stands for the N th decile income group with larger N  

indicating higher income. 
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decreasing at age 51-60. Pension share for the two poorest groups and the richest 

group are lower with the latter peaking at 22%. One explanation is that households 

in the richest group have many other investment options, and employer-provided 

pension plans are just a small part of their total wealth. On the other hand, 

households in the two poorest groups are likely to work at a place where no pension 

plan is provided. 

We have included pension wealth, taken from a cross-section of wealth data 

of the PSID for 2007, in our measure of household total wealth and have 

investigated how it changes across income groups and age cohorts. We have 

observed wealth decumulation after retirement only in the richer income groups. 

We have found consistent pension wealth shares in the total wealth in most income 

groups except for the richest and the two poorest groups that have lower shares. 

Shares of stocks and IRAs are found to be higher for the higher income groups. 

Results in this section can be used as inputs for a computable general equilibrium 

model that estimates the economic burden of tax reform proposals. We can also 

compare these with results in the next section to evaluate the necessity of 

introducing the panel data regression methods in studying household wealth 

portfolios and age profiles.  

3.6. Cohort-based analysis 

We rank households by lifetime income in ascending order and group them 

into three income groups: low (the first 20%), high (the last 15%), and medium (the 
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rest of households). Households are also sorted according to the heads’ year of birth 

into 5 year cohorts. Although there are not enough data to follow households 

throughout their lifetime, cohort-based analysis allows us to construct visual age 

patterns of wealth holdings of the whole sample from those of cohorts. Figure 22 

shows the mean household wealth18 with respect to age in different birth cohorts 

from youngest to oldest represented by short solid lines in the graph appearing 

from left to right. The dashed line plots the median wealth for the whole sample. At 

a particular age, the difference between lines represents cohort differences and is 

especially large among older cohorts. Although each cohort covers only a short 

period of around 20 years, a duration limited by how long the survey has been 

carried out, the whole collection of lines for all cohorts shows noticeable long-term 

trends. On average, households start accumulating wealth at age 20 that reaches the 

maximum of $400,000 at age 60-70 and decreases afterwards. 

Figure 22: Household wealth by cohort and age 

 

                                                        
18 We do not report the median if the cohort has less than 50 observations at a certain age. 
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Figure 23: Home value by cohort and age 

 

Figure 23 plots the median house value (conditional on positive holding), 

showing that although it is a little lower for those in their 20s, it generally stays the 

same for the whole life. All slopes for the short lines are upwards, representing a 

historical trend that housing appreciates over the period of the surveys (1989-

2007). 

Figure 24 shows the age profile of the probability of owning a house (housing 

participation) for the whole sample and three income groups. The curve for the 

whole sample is remarkable in its smoothness, showing that at retirement age of 65, 

housing participation is highest at 80% and subsequently drops a little to 75% at 

age 85. This plot, coupled with Figure 23, suggests that households stay in the same 

house until very late in their lives. Households in the high-income group buy houses 

at a much earlier age. 80% already own a house by age 35 while, at this stage, only 

60% in the medium and 30% in the low-income groups are homeowners. By age 40, 

almost 100% of high-income households own a house, while at retirement age, low-

income households still save to buy house.  
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Figure 24: Probability of owning house, age and income groups 
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Mortgage participation shown in Figure 25 unsurprisingly follows similar trends, 

peaking at age 55 for the low-income group and at age 35 for the high-income one, 

indicating that high-income households pay off their mortgages at a much earlier 

age. 

Participation rates for financial assets such as stocks, IRAs, and bank 

accounts also display fundamental differences between high and low-income groups 

(Figure 26, Figure 27, and Figure 27). By age 40, more than 50% of high-income 

households already own stocks and IRAs, and by 65, this percentage goes up to 70%. 

The upward trend of stock and IRA participation rates in the low-income group are 

much more gradual and peak around 30-35%. Across the whole population, IRA 

participation peaks at 50% at age 62-65 and, as expected, decreases afterward as 

retirees start to draw funds for their daily consumption. Participation rates for bank 

accounts of the low-income group peak at the much higher percentage of 75% at age 

65. However, that of the high-income group is almost 100% since age 35. Age profile 

of the middle-income group is similar to that of the low-income one, albeit with 

somewhat higher peaks. Figure 28 shows that debt participation of low-income 

households stays flat over their whole life, while debt participation of the medium 

and high-income groups peaks at age 25. Note that debts might include a mortgage 

on a second home, consumption debts, or student loans. Since 25 year-olds are very 

unlikely to buy second home with a mortgage, the high debt participation rates are 

likely due to student loans. 
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Figure 25: Probability of owning mortgage, age and income groups 
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Figure 26: Probability of owning stocks, age and income groups 
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Figure 27: Probability of owning IRAs, age and income groups 
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Figure 28: Probability of owning debt, age and income groups 
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Figure 29: Probability of owning bank accounts, age and income groups 
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3.7. Panel data regression 

In the previous section, we perform a cohort-based analysis to track the 

wealth evolution of the same cohort through age. In this section, we control not only 

for the systematic difference between birth cohorts but also for unobserved 

household heterogeneity using panel data regressions. 

3.7.1. Regression model 

Our analysis is based on the specification of the form 

        
         

        
        

             (35) 

where     
  includes age, dummies for poor health and having children,     

  includes 

a dummy for marital status and the number of years in retirement,    
  includes sex 

and race of household head,    
 represents head education (with or without college 

degree), and    is the unobserved household effect.     
 ,    

 ,    
 , and    

 represent 

demographic attributes that are grouped such that     
  and     

  are time variant 

while    
  and    

  are not, and with the assumption that     
  and    

  are not 

correlated with   , while     
  and    

 are19 . The household effect    accounts for all 

unobservable factors that might affect saving and investing decisions, for example, a 

higher than normal risk aversion or a high preference for saving. A highly risk-

averse couple is more likely to stay married and might work longer (higher 

                                                        
19We consider decisions about marriage, retirement, and education are correlated with the 
unobserved fixed effect regarding wealth accumulation, asset allocation.  
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retirement age) to be more financially secure. There is also a correlation between 

education and household saving rates (Solmon, 1975). 

The regression has several different dependent variables: logarithm of 

household wealth, logarithm of asset values, asset shares, and asset participation. 

We use the Hausman-Taylor method to estimate equation (35) when the dependent 

variables are either log of asset holdings or asset shares. This method allows the 

unobserved individual effect to be correlated with the regressors while still 

maintaining individual time-invariant characteristics. It uses exogenous variables of 

periods other than the current period to be instruments for the endogenous 

variables. Specifically, it is based on the random-effects transformation which 

results in 

          
          

         
         

                 (36) 

where                    and    
   
 

   
      

 .    and    are the consistent estimator of 

  and  .            and      are used as instruments for       and     .  By using 

group mean     , we use data from other periods to form instruments. 

If the dependent variables are asset shares, which by construction always lie 

between 0 and 1, we estimate equation (36) using Tobit regressions. If the 

dependent variable is asset participation, which basically is a binary outcome 

variable, we use Probit estimation for the panel data. In order to investigate the 

change in household asset allocation behavior due to retirement, we include 
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variable yrret that keeps track of the number of years in retirement besides variable 

age. The interaction between these two variables is explained in figure below 

 

The coefficient of variable age can be represented by angle α while the 

coefficient of variable yrret is angle β that captures whether there is change in 

household asset allocation after retirement, assuming α>0 (asset Y increases with 

age) and β<0 (retirement has a negative effect on Y). Depending on the magnitudes 

of α and β, Y after retirement can increase, decrease, or stay flat with age. As a result, 

to obtain the final effect of age on Y after retirement, we need to take into account 

both the coefficients of age and yrret. For example, if the |α |< |β|, Y should decrease 

after retirement. 

3.7.2. Regression results 

3.7.2.1. Household wealth 

While cohort-based analysis cannot give us any definitive conclusion about 

wealth evolution after retirement, regression analysis with the inclusion of 

individual effects gives a much clearer answer. Table 9 displays the results for 
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regression of logarithm of wealth. Log of wealth first increases 0.0795 per year of 

age until retirement, and then decreases 0.083 per year, indicating that retirement 

has a negative effect. Taking into account both trends, the regression results suggest 

that wealth decreases after retirement at a very slow rate, with the number 

translating into a rate of 0.37% wealth reduction per year in retirement, which is 

consistent with findings in Yang (2006). 

Table 9: Regression of log wealth, all observations 

    Variable Coeff.   Std. Err. 

Age 0.0795057*** 

 

0.0019778 

Children 0.2548155*** 

 

0.030059 

poor health -0.178018*** 

 

0.0398076 

Married 0.4699862*** 

 

0.0467158 

years in retirement -0.083184*** 

 

0.0061166 

Female -0.38103*** 

 

0.0877424 

Caucasian 0.5113633*** 

 

0.1846418 

College 1.592787*** 

 

0.1655007 

_cons -13.32885*** 

 

2.082403 

Num. of observations 28213 

  Num. of households 6876 

  

    Notes: exogenous time-variant variables are age, children and poor health. 

Endogenous time-variant variables are married, years in retirement. Exogenous 

time-invariant variables are female, Caucasian. Endogenous time-invariant 

variable is college. Statistical significance at the 10%, 5%, and 1% levels is 

indicated with one, two or three stars, respectively. 

 

Besides retirement, many other coefficients are significant. For example, 

education, marriage, and children all have positive effect on wealth. In particular, 

married couples have 60% more wealth than singles, although this is not very 
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surprising because of the potential to have a second earner. Households with 

children accumulate 30% more wealth than those without. Caucasian households 

are 65% richer than non-Caucasian ones. Education in particular has a large effect 

on household wealth; a college degree helps to raise it 4 times higher.  Even with our 

less sophisticated health status measure, the estimated coefficient is still significant 

and is negative, confirming a common sense that poor health reflects negatively on 

wealth. 

Table 10 shows how household wealth evolution differs across income 

groups. All coefficients are significant and have the same sign. High-income 

households have log of wealth growing twice as fast as that of the low-income 

households (with age coefficients of 0.1017 and 0.0569, respectively). The negative 

effects of retirement outweigh the positive effect of age only in the low-income 

group, leading to a decrease in total wealth of 3.4% per year in retirement. For the 

medium and high-income groups, wealth continues to rise after retirement. In the 

previous chapter, using a cross-sectional data analysis, we found total wealth 

decumulation after retirement for the richer half of the population. Here, however, 

there is no such decumulation for non-pension wealth after retirement for the high-

income group. The last row of Table 10 shows a great dispersion of wealth among 

the three income groups. At age 65, mean wealth for the high-income group is 

almost 1.5 million dollars while this number for the low-income group is only 160 

thousand dollars. 
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Table 10: Regression of log wealth by income groups 

Coefficient All sample Low-income Medium-Income High-Income 

Age 
0.0795*** 

   (0.002) 

 0.0569*** 

(0.0056) 

 0.0722*** 

(0.002) 

 0.1017*** 

(0.004) 

Years in 

retirement 

-0.0832*** 

   (0.0061) 

-0.091*** 

(0.016) 

-0.0677*** 

(0.008) 

-0.078*** 

(0.011) 

Mean wealth 

at 65 
398,375 164,640 381,971 1,366,475 

Notes: Standard errors are reported in parenthesis. Statistical significance at the 10%, 5%, and 

1% level is indicated by one, two and three stars, respectively. 

3.7.2.1. House value 

Residential property is a very illiquid asset, making it difficult for households 

to adjust its share in their total assets. We focus on the evolution of house value and 

housing participation instead. The cohort-based analysis already gives us a good 

picture of how households hold on to their house until late in life, and we would like 

to see if the regression analysis confirms this trend. 

The regression results for log of house value and housing participation are 

reported in Table 11. The coefficients for both age and yrret variable are all 

significant and have the same sign across income groups. House value increases 

with age in all income groups.  While retirement does slow down the growth rate of 

house value, the combined effect of both variables on house value is still positive. 

There is also a large dispersion in house value among income groups, with the 
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median at age of 65 for the low-income group at $71,500 while that for the high-

income group is $315,000. 

Table 11: Regression of log of house value and homeonership by income groups 

Variable Coefficient All sample Low-income Medium-income High-income 

Log  

Age 0.04578*** 
(0.00078) 

0.0248*** 
(0.0023) 

0.04669*** 
(0.00089) 

0.0569*** 
(0.0016) 

Years in 

retirement 
-0.0255*** 

(0.0017) 
-0.0176*** 

(0.0056) 
-0.0221*** 

(0.0024) 
-0.0272*** 
(0.0042) 

Median value at age 65 126,000 71,500 148,800 315,000 

Ownership 

Age 0.04463*** 
(0.00096) 

0.0382*** 
(0.002) 

0.0547*** 
(0.0013) 

0.059*** 
(0.0039) 

Years in 

retirement 
-0.0431*** 
(0.0029) 

-0.0369*** 
(0.0066) 

-0.0648*** 
(0.007) 

-0.008 
(0.032) 

Ownership at age 65 85% 73% 87.7% 92.2% 

Notes: Standard errors are reported in parenthesis. Statistical significance at the 10%, 5%, and 

1% level is indicated by one, two and three stars, respectively. 
 

Housing participation also increases with age and the trend is stronger in the 

higher-income group, which agrees with our cohort-based analysis. Retirement has 

a negative effect on house ownership in low- and medium-income groups (estimates 

are significant and negative). The coefficient for years in retirement in the high-

income group is insignificant, suggesting that retirement does not factor into 

housing decision of richer households. After retirement, housing participation 

decreases in the medium-income group but not in the other two. For the low-income 

group, the cohort-analysis indicates that at retirement age the low-income 

households are still saving to buy house. This helps explain why housing 
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participation does not decrease for this group after retirement but does fall for the 

medium-income group. On the other hand, high-income households do not need to 

sell their properties to finance consumption because they have other assets to 

liquidize. 

3.7.2.2. Bank accounts 

Bank accounts that include checking accounts, CDs and bonds are safe liquid 

assets that give relatively low return rates. At different points in a household’s 

lifetime, this type of asset might have different functions. First of all, it is always an 

insurance against any potential adverse financial situation requiring emergency 

expenses. For young households, it is the first method to save as they have not 

accumulated much wealth while there are still many unplanned expenses. Young 

households might also put their savings into this type of asset for the down payment 

of a future house purchase. Therefore, a high share of bank accounts in the period 

before buying a house is expected in young households. 

Table 12 displays the results of regressions on log of value and share of bank 

accounts, showing bank account balance increases with age in all income groups, 

and the coefficient of variable age is positive and highly significant. Retirement has a 

negative effect on bank account balance, which might be explained by the fact that 

households at retirement age are already past their prime spending years, so there 

is no need to maintain a high balance in their bank accounts. In the low- and 

medium-income group, the magnitude of the retirement effect is not large enough to 
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overturn the trend in age, which leads to the result that bank accounts for these 

groups increase in value after retirement while those of the high-income group 

decrease. At the retirement age, an average high-income household holds $21,730 

(instead of $2000 and $8000 for the low and medium-income respectively) in bank 

accounts, which might be more than enough to provide insurance against some 

unexpected expenses after retirement. Since they yield relatively low return 

compared to other attractive investment options, high-income households decide to 

cut their balance down.  

Table 12: Regression on bank accounts by income groups 

Variable Coefficient All sample Low-income Medium-income High-income 

Log  

Age 
0.0596*** 

(0.0023) 

0.0406*** 

(0.0077) 

0.0492*** 

(0.0025) 

0.0611*** 

(0.0065) 

Years in 

retirement 

-0.059*** 

(0.011) 

-0.032 

(0.029) 

-0.04** 

(0.017) 

-0.098*** 

(0.023) 

Median value at age 65 6,200 2,000 8,000 21,730 

Share 

Age -0.00166*** 

(0.00014) 

-0.00007 

(0.00035) 

-0.00223*** 

(0.00018) 

-0.00277*** 

(0.00043) 

Years in 

retirement 

0.00513*** 

(0.00045) 

0.0036*** 

(0.0011) 

0.00526*** 

(0.00099) 

0.0022 

(0.0021) 

Mean share at age 65 11% 11.9% 10.5% 10.8% 

Notes: Standard errors are reported in parenthesis. Statistical significance at the 10%, 5%, and 

1% level is indicated by one, two and three stars, respectively. 

The regression of bank account share also results in significant estimates for 

both age and yrret. In all income groups, we observe a decrease in bank account 
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share with age until retirement and then an increase, with one exception: 

retirement has no significant effect on bank account share. Surprisingly, households 

maintain a similar share of bank accounts at age 65, around 10% of household 

wealth, no matter which income group they are in. 

3.7.2.3. Stocks 

The cohort-based analysis shows that stock participation increases with age 

in all income groups. We confirm this pattern with a regression analysis, and results 

are reported in the third section of Table 13. Estimates for coefficients of age are all 

positive and highly significant, while none of the coefficients for yrret are significant, 

indicating that retirement does not affect decisions about stock ownership. At age 

65, 62% households in the high-income group hold stocks, with an average holding 

of almost $100,000. The proportion is 32% in the medium-income group, with an 

average holding of $20,000. The coefficients of stock holdings for age are positive 

and significant for the medium and high-income groups, and those for yrret are 

negative for these two groups. Combining these two effects, stock holdings decrease 

for the medium-income group while they increase for the high-income group. 
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Table 13: Regression on stocks by income groups 

Variable Coefficient All sample Low-income Medium-income High-income 

Log  

Age 
0.0655*** 

(0.0071) 

0.006 

(0.021) 

0.0568*** 

(0.0083) 

0.0709*** 

(0.0092) 

Years in 

retirement 

-0.091*** 

(0.021) 

0.045 

(0.052) 

-0.100*** 

(0.021) 

-0.064* 

(0.036) 

Mean value at age 65 45,152 17,000 21,015 97,248 

Share 

Age 0.00087*** 

(0.000084) 

0.00047*** 

(0.00016) 

0.00053*** 

(0.00016) 

0.00245*** 

(0.00036) 

Years in 

retirement 

-0.00132*** 

(0.00026) 

-0.00293*** 

(0.00049) 

-0.00222** 

(0.00092) 

-0.0021 

(0.0017) 

Mean share at age 65 7.9% 6.5% 6.9% 10.4% 

Ownership  

Age 0.0158*** 

(0.0011) 

0.0213*** 

(0.0034) 

0.0174*** 

(0.0014) 

0.0225*** 

(0.003) 

Years in 

retirement 

-0.0009 

(0.0032) 

0.0005 

(0.0083) 

-0.0078 

(0.0073) 

-0.0111 

(0.0147) 

Ownership at age 65 31% 17.6% 32.8% 61.9% 

Notes: Standard errors are reported in parenthesis. Statistical significance at the 10%, 5%, and 

1% level is indicated by one, two and three stars, respectively. 

3.7.2.4. Other assets 

Revenue from business and real estate (rental income) creates an extra 

income source after retirement and prevents households from having to dip into 

retirement savings. However, business and real estate are considered risky and 

rather illiquid. This is especially true of business.  Owning a business requires 
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investment not only in capital but also in time and effort, which might be difficult for 

households at old age due to health issues. Regressions on business and real estate 

participation both result in positive and significant estimates for coefficient of age, 

and negative and significant estimates for yrret (Table 15). This shows that business 

and real estate participation rates increases with age and retirement has a negative 

effect on this growth. After retirement, business participation declines in all income 

groups. Real estate participation also declines at old age in low- and middle-income 

groups but high-income households show the reverse trend, with more investment 

in real estate as they age. Once again, they have enough financial insurance and do 

not need to slow down real estate investment to have more liquidity. At age 65, 

54.5% of high-income households own real estate, while this proportion is 24.3% 

and 12.5% for the middle- and low-income groups, respectively. Business and real 

estate shares have very similar age patterns as those of business and real estate 

participation rates20. 

3.8. Discussion 

Using various methods, we came to a more complete picture of how aging 

and retirement affect household asset allocation across different income levels. Here 

we used the lifetime labor incomes of household heads, estimated with the fixed 

effect regression method, to group households into lifetime income deciles. First, we 

used cross-sectional data from the PSID for 2007, processed with a multiple 

                                                        
20 See Table 10 for more details 
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imputation procedure, and studied how the age profile of household total wealth 

varied across income groups. Next, we combined cohort-based analysis and panel 

data regression to investigate the effects of aging on non-pension asset allocation 

across the three income groups. We used the Hausman-Taylor regression method, 

which allowed the unobserved household effect to be correlated with the regressors 

while still maintaining household time-invariant characteristics. The coefficients for 

the two variables age and the number of years in retirement together described the 

age profile of asset allocation. Our method resulted in estimates that are more 

statistically significant and thus showed clearer age patterns for most asset classes 

than are shown by similar existing approaches. 

In the cross-sectional analysis, we found that pension wealth represented on 

average 30% of total wealth at retirement age. The age profiles for pension share in 

the medium-income deciles are similar to each other in both shape and magnitude, 

while those for the highest and lowest income deciles are significantly lower. We 

also found a positive relationship between stock shares and lifetime income levels 

across the sample. 

In the panel data analysis, we found that each income group has unique 

investing behaviors. The low-income group displayed wealth decumulation but the 

medium and high-income ones did not. An increase in both liquidity demand and in 

risk aversion after retirement was evident only in the low and medium-income 

groups. Households in these groups held larger shares of bank accounts and smaller 
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shares of stocks and real estate as they aged while in the high-income households 

this trend was reversed.  

The investing behaviors of high-income households could be explained by 

their financial security and their access to many high yield investment 

opportunities. As a result, they did not need spend down their wealth in old age and 

their remaining wealth could later be passed on to their children through bequest. 

The investing behaviors of high-income households thus contribute to wealth 

inequality that is transferred from generation to generation. An inheritance tax 

might alter the asset allocation of high-income households in retirement and reduce 

one source of economic inequality. 

We did find some universal behaviors in asset allocation that all income 

groups displayed. First, logarithm of house value increased with age throughout 

households’ lifetime, suggesting that households did not move to a smaller house 

after retirement. Second, retirement had no significant effect on stock ownership. As 

households aged, they might adjust their stock share to a lower level but did not exit 

the stock market. Third, both business share and ownership increased in 

households’ early life and decreased after retirement. 

In future works, we would like to study how the inclusion of social security 

wealth in our analysis makes a difference in the estimates for the low-income group. 

We would focus more on the households’ investing behaviors after retirement by 

applying our methods to a data set with more retirees, such as the Health and 

Retirement Study.  
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Appendix A21 

PSID asks about nine broad wealth categories, including short-term debt:  

1. Equity in business (also includes farm)  

2. Transaction accounts (includes savings accounts, money market funds, 

certificates of deposit, government savings bonds, and treasury bills)  

3. Value of debt aside from mortgage on the main home or vehicle loans  

4. Equity in real estate (second home, land, rental real estate, or money owed 

on a land contract)  

5. Equity in stock (includes shares of stock in publicly held corporations, 

mutual funds, and investment trusts) 

 6. Equity in vehicle (cars, trucks, a motor home, a trailer, or a boat)  

7. Other assets (includes bond funds, cash value in a life insurance policy, a 

valuable collection for investment purposes, and rights in a trust or estate)  

8. Equity in Individual Retirement Accounts  

9. Value of home equity (calculated as home value minus remaining 

mortgage; used in calculation of WEALTH2, but not released separately until March 

2011)  

                                                        
21 Source: PSID Wealth Documentation 2007 
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IRA amounts were included in the questions on stocks (W15) and bonds 

(W27) in 1984, 1989, and 1994. IRA amount was included as a separate question 

sequence beginning in 1999 (W21) 
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Figure 30: Probability of owning real estate, age and income groups 
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Figure 31: Probability of owning vehicle, age and income groups 
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Figure 32: Probability of owning business, age and income groups 
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Figure 33: Household assets by age and cohorts 
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Table 14: Regressions on asset shares 

Asset Coefficient All Sample 
Low 

Income 
Medium 
Income 

High 
Income 

House 
age 

0.00729*** 
(0.00024) 

0.00883*** 
(0.00063) 

0.00853*** 
(0.00031) 

0.00207*** 
(0.00064) 

yrret 
-0.00723*** 

(0.00074) 
-0.0053*** 

(0.002) 
-0.0108*** 

(0.0015) 
-0.0014 
(0.0028) 

Bank 
Accounts 

age 
-0.00166*** 

(0.00014) 
-0.00007 
(0.00035) 

-0.00223*** 
(0.00018) 

-0.00277*** 
(0.00043) 

yrret 
0.00513*** 
(0.00045) 

0.0036*** 
(0.0011) 

0.00526*** 
(0.00099) 

0.0022 
(0.0021) 

IRAs 
age 

0.00159*** 
(0.000089) 

0.00047** 
(0.0002) 

0.00227*** 
(0.00012) 

0.00252*** 
(0.00031) 

yrret 
-0.00099*** 

(0.00028) 
-0.00001 
(0.00062) 

-0.00288*** 
(0.00064) 

0.0009 
(0.0015) 

Stocks 
age 

0.00087*** 
(0.000084) 

0.00047*** 
(0.00016) 

0.00053*** 
(0.00016) 

0.00245*** 
(0.00036) 

yrret 
0.00132*** 
(0.00026) 

0.00293*** 
(0.00049) 

-0.00222** 
(0.00092) 

-0.0021 
(0.0017) 

Vehicle 
age 

-0.0095*** 
(0.00021) 

-0.0112*** 
(0.00061) 

-0.01048*** 
(0.00027) 

-0.0068*** 
(0.00042) 

yrret 
0.00483*** 
(0.00064) 

0.0033* 
(0.0019) 

0.01*** 
(0.0013) 

0.0064*** 
(0.0017) 

Real 
Estate 

age 
0.00112*** 
(0.00008) 

0.00073*** 
(0.00022) 

0.00127*** 
(0.0001) 

0.00168*** 
(0.00023) 

yrret 
-0.00118*** 

(0.00025) 
-0.00227*** 
(0.00069) 

-0.00156*** 
(0.00055) 

-0.0003 
(0.0011) 

Business 
age 

0.000618*** 
(0.00008) 

0.00081*** 
(0.00024) 

0.000581*** 
(0.000097) 

0.0007*** 
(0.00023) 

yrret 
-0.00148*** 

(0.00025) 
-0.00272*** 

(0.00075) 
-0.00201*** 

(0.0005) 
-0.0024** 

(0.001) 

Debts 
age 

-0.0215*** 
(0.0029) 

-0.0096 
(0.0063) 

-0.0336*** 
(0.0051) 

-0.026*** 
(0.0064) 

yrret 
0.01 

(0.009) 
0.003 

(0.022) 
0.019 

(0.024) 
0.019 

(0.026) 

Mortgage 
age 

-0.00044** 
(0.00018) 

0.0014*** 
(0.00039) 

0.0007*** 
(0.00024) 

-0.00512*** 
(0.00051) 

yrret 
-0.00368*** 

(0.00054) 
-0.0032*** 

(0.0012) 
-0.0077*** 

(0.0012) 
0.0007 

(0.0023) 
Notes: Standard errors are reported in parenthesis. Statistical significance at the 10%, 5%, and 

1% level is indicated by one, two and three stars, respectively. 
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Table 15: Regressions on asset ownerships 

Asset Coefficient All Sample 
Low 

Income 
Medium 
Income 

High 
Income 

House 
age 

0.04463*** 
(0.00096) 

0.0382*** 
(0.002) 

0.0547*** 
(0.0013) 

0.059*** 
(0.0039) 

yrret 
-0.0431*** 
(0.0029) 

-0.0369*** 
(0.0066) 

-0.0648*** 
(0.007) 

-0.008 
(0.032) 

Bank 
Accounts 

age 
0.00962*** 
(0.00095) 

0.0161*** 
(0.002) 

0.0134*** 
(0.0013) 

0.0159*** 
(0.004) 

yrret 
0.0047 

(0.0033) 
0.0148* 
(0.0082) 

-0.011 
(0.0083) 

-0.02 
(0.02) 

IRAs 
age 

0.0238*** 
(0.001) 

0.0181*** 
(0.003) 

0.0327*** 
(0.0014) 

0.0261*** 
(0.003) 

yrret 
-0.022*** 
(0.0032) 

-0.0144* 
(0.0086) 

-0.0422*** 
(0.007) 

-0.025* 
(0.015) 

Stocks 
age 

0.0158*** 
(0.0011) 

0.0213*** 
(0.0034) 

0.0174*** 
(0.0014) 

0.0225*** 
(0.003) 

yrret 
-0.0009 
(0.0032) 

0.0004 
(0.0083) 

-0.0078 
(0.0073) 

-0.011 
(0.015) 

Vehicle 
age 

0.00861*** 
(0.00093) 

0.0146*** 
(0.0019) 

0.0149*** 
(0.0014) 

0.0066* 
(0.0034) 

yrret 
-0.0162*** 
(0.0028) 

-0.0195*** 
(0.007) 

-0.0271*** 
(0.0081) 

0.014 
(0.02) 

Real 
Estate 

age 
0.0235*** 
(0.0011) 

0.0201*** 
(0.0028) 

0.0259*** 
(0.0014) 

0.0323*** 
(0.0029) 

yrret 
-0.0253*** 
(0.0032) 

-0.05*** 
(0.011) 

-0.0311*** 
(0.0063) 

-0.031*** 
(0.011) 

Business 
age 

0.016*** 
(0.0011) 

0.0152*** 
(0.0028) 

0.017*** 
(0.0015) 

0.0211*** 
(0.0031) 

yrret 
-0.037*** 
(0.0043) 

-0.053*** 
(0.012) 

-0.0398*** 
(0.0079) 

-0.056*** 
(0.014) 

Debts 
age 

-0.01204*** 
(0.00079) 

0.0003 
(0.0018) 

-0.0102*** 
(0.0011) 

-0.0288*** 
(0.0026) 

yrret 
-0.0178*** 
(0.0028) 

-0.0152** 
(0.0064) 

-0.0285*** 
(0.0058) 

0.014 
(0.012) 

Mortgage 
age 

0.02039*** 
(0.00086) 

0.0232*** 
(0.0022) 

0.0287*** 
(0.0012) 

0.0126*** 
(0.0027) 

yrret 
-0.0669*** 
(0.0033) 

-0.0534*** 
(0.0084) 

-0.0868*** 
(0.0057) 

-0.068*** 
(0.011) 

Notes: Standard errors are reported in parenthesis. Statistical significance at the 10%, 5%, and 

1% level is indicated by one, two and three stars, respectively. 
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Table 16: Regressions on log of assets 

Asset Coefficient All Sample 
Low 

Income 
Medium 
Income 

High 
Income 

House 
age 

0.04578*** 
(0.00078) 

0.0248*** 
(0.0023) 

0.04669*** 
(0.00089) 

0.0569*** 
(0.0016) 

yrret 
-0.0255*** 

(0.0017) 
-0.0176*** 

(0.0056) 
-0.0221*** 

(0.0024) 
-0.0272*** 
(0.0042) 

Bank 
Accounts 

age 
0.0596*** 
(0.0023) 

0.0406*** 
(0.0077) 

0.0492*** 
(0.0025) 

0.0611*** 
(0.0065) 

yrret 
-0.059*** 

(0.011) 
-0.032 
(0.029) 

-0.04** 
(0.017) 

-0.098*** 
(0.023) 

IRAs 
age 

0.0784*** 
(0.0036) 

0.057*** 
(0.014) 

0.092*** 
(0.0053) 

0.0721*** 
(0.0083) 

yrret 
-0.089*** 

(0.012) 
-0.057 
(0.046) 

-0.077*** 
(0.015) 

-0.062** 
(0.029) 

Stocks 
age 

0.0655*** 
(0.0071) 

0.006 
(0.021) 

0.0568*** 
(0.0083) 

0.0709*** 
(0.0092) 

yrret 
-0.091*** 

(0.021) 
0.045 

(0.052) 
-0.1*** 
(0.021) 

-0.064* 
(0.036) 

Vehicle 
age 

0.0165*** 
(0.0012) 

0.01*** 
(0.0036) 

0.0178*** 
(0.0013) 

0.0183*** 
(0.0033) 

yrret 
-0.0508*** 

(0.0036) 
-0.057*** 

(0.011) 
-0.0443*** 

(0.0057) 
-0.0315*** 
(0.0095) 

Real 
Estate 

age 
0.0556*** 
(0.0052) 

0.055*** 
(0.017) 

0.0594*** 
(0.0068) 

0.056*** 
(0.013) 

yrret 
-0.035*** 

(0.01) 
-0.11*** 
(0.039) 

-0.044*** 
(0.016) 

0 
(0.027) 

Business 
age 

-0.011 
(0.012) 

-0.019 
(0.022) 

-0.002 
(0.018) 

-0.066 
(0.048) 

yrret 
0.02 

(0.039) 
0.11 
(0.1) 

-0.01 
(0.066) 

0.09 
(0.2) 

Debts 
age 

0.0053*** 
(0.0019) 

0.0002 
(0.0047) 

0.0015 
(0.0019) 

0.0024 
(0.0049) 

yrret 
-0.0464*** 

(0.0088) 
-0.041* 
(0.021) 

-0.066*** 
(0.013) 

-0.121*** 
(0.029) 

Mortgage 
age 

0.0165*** 
(0.0013) 

-0.0081* 
(0.0046) 

0.0178*** 
(0.0016) 

0.019*** 
(0.0037) 

yrret 
-0.0158*** 

(0.0045) 
0.013 

(0.014) 
-0.0087 
(0.0059) 

-0.073*** 
(0.016) 

Notes: Standard errors are reported in parenthesis. Statistical significance at the 10%, 5%, and 

1% level is indicated by one, two and three stars, respectively. 

 


