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ONLINE APPENDIX 

 

Section A: Sample Issues 

Imputation Considerations 

As discussed in the text, the models with different proxies have different samples. For 

instance, occupation-based proxies suffer from greater missingness because they are confined to 

the employed or those reporting an occupation. Of course, we could use multiple imputation. The 

CNEF does utilize imputation (and simulation for taxes) for HH income (Frick et al. 2012). 

However, beyond the CNEF’s imputation, we chose to not impute further for two reasons. First, 

further imputation would rely on a problematic circularity. To impute missing values of PI, we 

would likely need to use information on the proxies (e.g. occupation, earnings, wealth). As a 

result, the same information would be used to impute as to predict, and this would bias tests of 

how well the proxies predict PI. Second, our goal is to provide practical guidance for everyday 

social science. Therefore, we analyze the models with as few assumptions as possible. For 

example, taking occupation and earnings data “as is” realistically represents how most social 

scientists typically analyze measures of economic resources. 

Panel Attrition Considerations 

The “cross-sectional” weights we use are constructed based on: (a) cross-sectional 

discrepancies between sample and population, and (b) longitudinal staying probabilities (Kroh 

2014). These weights address two important issues. First, they adjust the distributions of key 

characteristics in the sample and population. Consequently, we can rule out that certain 

demographic sub-groups dominate our results (e.g. due to the systematic over representation of 

East Germans, migrants, or high-income earners in the SOEP). Second, the weights 

systematically model the mechanisms that drive panel attrition, including specifically 
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characteristics and life-events critical to longitudinal survey commitment. Consequently, the 

weights reproduce the marginal distribution of a sample that would have occurred without any 

attrition – at least based on all characteristics and life-events that have been used to calculate 

staying probabilities and to construct the weights (Kroh 2014). For example, people who 

experienced many critical life events have higher weighting factors than those with stable 

biographies, and are thus represented proportionally in the weighted sample.  

In addition to cross-sectional weighting, we conducted three robustness checks to assess 

if sample attrition was biasing our results. First, we replicated the models while using the weight 

in each respondent’s 20th valid observation. We do so because this weight concentrates on the 

attrition before and at 20 waves, and thus directly relates to the probability of entering our 

sample. Second, we replicated the models while using the weight in each respondent’s last valid 

observation. This weight incorporates the staying probabilities beyond even the 20th observation, 

and might therefore be a particularly conservative strategy to address attrition. In Table A, we 

summarize the results with these two robustness checks for a selection of five proxies. The 

model fits from these robustness checks are nearly identical to those reported with the cross-

sectional weights. Indeed, the fit is often stronger with the 20th or last weight. Almost always, the 

fits from the robustness checks are within the confidence intervals of the reported fits – and when 

not, they are very close. Further, the rank ordering of the performance of the proxies does not 

change in these robustness checks. 

Third, in analyses not shown, we simply omitted weights. These results were also quite 

consistent, which should further encourage confidence that attrition is not substantially biasing 

our results. Finally, even if selection or sample attrition bias our estimates upwards (e.g. because 

people with stable incomes are more present in the long-term panel due to unobservable 
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characteristics not reflected in the weights), it is not clear that these biases should differentially 

alter some proxies and not others. Therefore, even if the estimates are biased upwards, the rank 

ordering of the performance of the proxies should be similar. 
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Table A. Comparison of Select Proxies With Various Weighting Strategies. 
  Germany U.S. 

  R2 (95% C.I. for 

Reported Results) 

N R2 (95% C.I. for 

Reported Results) 

N 

Post-Fisc HH Income      

Random Year Cross-Sectional 

Weight 

.503 (.490, .517) 7,902 .456 (.444, .468) 12,370 

 20th Year Weight .497 7,898 .470 12,090 

 Last Year Weight .491 7,876 .455 11,902 

Random Year w/ Controls 

 

Cross-Sectional 

Weight 

.505 (.491, .518) 7,902 .408 (.396, .420) 12,370 

 20th Year Weight .494 7,898 .417 12,090 

 Last Year Weight .487 7,876 .405 11,902 

Random Five Years Cross-Sectional 

Weight 

.884 (.880, .889) 7,902 .882 (.878, .886)a 12,291 

 20th Year Weight .877 7,898 .884 12,066 

 Last Year Weight .874 7,876 .879 11,902 

Random Five Years w/ Controls Cross-Sectional 

Weight 

. 875 (.870, .880) 7,902 .860 (.855, .865)b 12,291 

 20th Year Weight .874 7,898 .862 12,066 

 Last Year Weight .872 7,876 .857 12,157 

Pre-Fisc HH Income      

Random Year Cross-Sectional 

Weight 

.214 (.199, .229) 7,902 .291 (.278, .303) 

 

12,370 

 20th Year Weight .195 7,898 .296 12,090 

 Last Year Weight .190 7,876 .292 11,902 

Random Year w/ Controls 

 

Cross-Sectional 

Weight 

.199 (.184, .214) 7,902 .255 (.242, .267) 

 

12,370 

 20th Year Weight .208 7,898 .250 12,090 

 Last Year Weight .202 7,876 .251 11,902 

Individual Earnings      

Including Zeros if Able to Work, Random 

Year 

Cross-Sectional 

Weight 

.074 (.063, .085) 7,587 .062 (.055, .071) 12,226 

 20th Year Weight .081 7,587 .068 11,954 

 Last Year Weight .077 7,565 .064 11,770 
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Including Zeros if Able to Work, Random 

Year w/ Controls 

Cross-Sectional 

Weight 

.064 (.053, .074) 7,587 .044 (.037, .051) 12,226 

 20th Year Weight .074 7,587 .045 11,954 

 Last Year Weight .070 7,565 .043 11,770 

Permanent (Only R’s with 20+ 

measurements, including zeros if able to 

work) 

Cross-Sectional 

Weight 

.174 (.153, .196) 3,640 .142 (.126, .158) 5,634 

 20th Year Weight .190 3,640 .143 5,601 

 Last Year Weight .195 3,637 .148 5,579 

Permanent (Only R’s with 20+ 

measurements, including zeros if able to 

work) w/ Controls 

Cross-Sectional 

Weight 

.207 (.185, .229) 3,640 .152 (.136, .169) 

 

5,634 

 20th Year Weight .224 3,640 .150 5,601 

 

 

 

Last Year Weight .225 3,637 .155 5,579 

Notes: The N’s vary slightly across weighting strategies because of the presence of zero weights for some cases. 
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Section B: Descriptive Statistics for Continuous Variables 

 Germany U.S. 

Proxy Mean SD Gini 

(unlogged) 

N Mean SD Gini 

(unlogged) 

N 

Permanent Income 9.878 .352 .200 7902 10.269 .506 .274 12,370 

Post-Fisc Income         

Random Year 9.811 .483 .251 7902 10.171 .757 .360 12,370 

Random Two Years 9.848 .404 .224 7902 10.228 .596 .320 12,291 

Random Five Years 9.866 .375 .210 7902 10.256 .541 .293 12,291 

Random Two Consec. Years 9.836 .438 .238 7824 10.206 .641 .340 12,366 

Random Five Consec. Years 

 

9.852 .409 .227 7651 10.233 .588 .330 12,291 

Pre-Fisc Income         

Random Year 

 

9.09 2.388 .437 7902 9.924 2.003 .454 12,370 

Wealth         

Net Worth Random Year 7.333 4.767 .739 7713 9.424 3.831 .802 12,367 

Long-Term Net Worth 8.512 3.898 .701 6012 10.211 2.936 .733 12,323 

Assets Random Year 7.744 4.645 .725 7713 9.979 3.034 .785 12,367 

Debts Random Year 2.740 4.376 .889 7713 3.863 4.028 .851 12,367 

         

Earnings         

Including Zeros if Able to Work, Random Year 8.068 3.760 .512 7587 8.214 4.035 .584 12,226 

Excluding Zeros, Random Year 9.594 1.169 .434 7226 9.873 1.410 .513 11,748 

Prime Working Years, Excluding Zeros, 

Random Year 

9.872 1.022 .382 5889 10.224 1.223 .470 9,585 

Permanent 9.831 1.083 .367 3640 9.972 1.559 .447 5,634 

         

Notes: All income and wealth proxies are logged (after zeros and negative values were coded as 1). Descriptive statistics for 

occupation, EGP, and controls available upon request. Any other remaining descriptive statistics are available upon request. 
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Section C: Levels of Inequality in PI and Various Continuous Proxies 

To compare the measures, we report the level of inequality of each in Figure A. With 

ginis of .20 in Germany and .27 in the U.S., PI is the least unequal of the measures. PI is less 

unequal than one year of post-fisc HH income (.25 in Germany and .36 in the U.S.). Similarly, 

there is less inequality in five-year (consecutive or not) post-fisc HH income than two-year 

income, and less inequality in two-year than one-year. The yearly heterogeneity in income is 

smoothed over time, and longer-term economic resources are more equally distributed than 

shorter-term economic resources. The gini narrows so much with multiple time points that the 

ginis for two random non-consecutive years of post-fisc HH income (.22 for Germany and .32 

for the U.S.) are as close to the ginis for PI as the ginis for one random year. 

The ginis for pre-fisc HH income (.44 in Germany and .45 in the U.S.) are much higher 

than the ginis for post-fisc HH income. This is not surprising as taxes and transfers reduce 

inequality (Rainwater and Smeeding 2004). HH wealth exhibits the highest ginis (.74 in 

Germany and .80 in the U.S), which is consistent with previous research showing inequality is 

worse in wealth than income. Assets and debts exhibit similar ginis, though long-term net worth 

has moderately lower ginis. 

The ginis for individual earnings are between the ginis for pre-fisc income and the ginis 

for wealth. For instance, the ginis for individual earnings (including zero if able to work) are .51 

for Germany and .58 for the U.S. This illustrates that inequality between individual workers is 

higher than between HHs. Individuals pool resources within HHs and living with other people is 

one means to increase and equalize economic resources. That said, permanent earnings exhibit 

ginis lower than one year of pre-fisc HH income (.37 for Germany and .45 for the U.S). At the 

same time, there is much more inequality in permanent earnings than PI. 
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Figure A. Gini Coefficients of Inequality in Permanent Income (PI) and Various Continuous Proxies.
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Section D: Indirect Tests of 20 Years as a Measure of PI 

For respondents in the PSID with 30+ or the 34 maximum years of income data, we 

randomly selected 20 years.26 We then tested whether 20-year PI predicts PI from 30+ or the 

maximum 34 years. In the PSID, PI with 20 years of data produces a R2 for 30+ years of data 

of .98 and a R2 for the maximum 34 years of data of .98. For respondents with the maximum 29 

years in the SOEP, we randomly selected 20 years. In the SOEP, PI with 20 years of data 

produces a R2 of .99 for the maximum 29 years. Therefore, 20 years of income data almost 

perfectly predicts 29-34 years of income data. 

Two further points support our approach. First, to the best of our knowledge, our measure 

includes the longest period of any study estimating HH-based PI. Some registry studies of 

individual labor market earnings include longer panels. However, the longest prior analyses of 

panel surveys include 10-15 years (often with less comprehensive definitions of income). 

Second, by conditioning on age, we adjust for many of the life cycle biases introduced by only 

observing respondents during more or less representative periods of their lives. Therefore, we 

ultimately propose that the average of 20+ years of post-fisc HH income effectively captures PI 

across the respondents’ lifetime. 

 

  

                                                        
26 The maximum number of 34 years in the PSID covers 40 years of a respondent’s life. In the 

PSID, 5,042 respondents had 30+ years of income data of which 2,853 respondents had the 

maximum 34 years. In the SOEP, 1,983 respondents had the maximum 29 years. 
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Section E: 

In some models, the Stata command to estimate the confidence intervals of the R2 

returned missing values. The problem originated from the Stata function for the “noncentrality 

parameter of the noncentral F distribution,” which returns missing if F becomes large, and hence 

if the number of observations or the proportion of explained variance increases (see Baharev and 

Kemény 2008 for known issues of algorithms for computing the noncentrality parameter).  

In order to overcome the limitation of the Stata's -npnF()- function we analyzed its results for a 

given set of alpha and degrees of freedom.  Specifically we calculated the noncentrality 

parameters for alpha = 0.05 and the degrees of freedom for the F-statistic of a given model for all 

F-values in the range between 1 and 10000. We found that the noncentrality parameters are 

perfectly linear to F for this range of values.  

We therefore predicted the noncentrality parameter by inserting the F-Statistic of a given 

model into the regression equation 

 

npnF = b_0 + b_1 * F 

 

where the parameters b_0 and b_1 where estimated from a dataset of feasible npnF-values on F 

for the degrees of freedom of the model under observation.  

 

The following documents the Stata commands used for estimating the C.I. for a model of 

permanent-income on one single proxy variable.  

local F = e(F) 

local df1 = e(df_r) 

local df2 = e(df_m)  

preserve 

clear 

set obs 10000 

gen x = _n 

gen npnF_lo = npnF(`df2',`df1', x,1-0.05/2) 

reg npnF_lo x 

local npnF_lo = _b[_cons] + _b[x]*`F' 

display `npnF_lo'/(`npnF_lo' + `df1' + `df2' + 1) 

gen npnF_up = npnF(`df2',`df1', x,0.05/2) 

reg npnF_up x 

local npnF_up = _b[_cons] + _b[x]*`F' 

display `npnF_up'/(`npnF_up' + `df1' + `df2' + 1) 

restore 

exit 

 

Please note this approximation was only used if the “official” Stata command returned an error. 

Moreover, we confirmed that the approximations were able to reproduce the feasible values of 

the C.I. for a given situation (i.e. for a given value of alpha and degrees of freedom). 
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Section F: 

The following documents the Stata commands used for estimating the C.I. around the 

partial R2 for a model of permanent-income on one or more proxy variables and additional 

control variables.  

 

reg <permanent income> <permanent income proxy> <control variables> 

predict double yf  

local rss = e(rss) 

local df1 = e(df_r) 

reg yf <control variables> 

predict double yp  

gen double term = (yp - yf)^2  

sum term if <sample selection variable>   

local ETA = r(sum)/(r(sum)+`rss')  

* C.I. (see Smithson (2001) and [R] esize) 

local df2 = <number of proxies> 

local F = `ETA'/(1-`ETA') * `df1'/`df2' 

preserve 

clear 

set obs 10000 

gen x = _n 

gen npnF_lower = npnF(`df2',`df1', x, 1-0.05/2) 

gen npnF_upper = npnF(`df2',`df1', x, 0.05/2) 

reg npnF_lower x 

corr npnF_lower x 

local npnF_lower = _b[_cons] + _b[x]*`F' 

reg npnF_upper x 

corr npnF_upper x 

local npnF_upper = _b[_cons] + _b[x]*`F' 

local ci_lower = `npnF_lower'/(`npnF_lower' + `df1' + `df2' + 1) 

local ci_upper = `npnF_upper'/(`npnF_upper' + `df1' + `df2' + 1) 

restore 

* Show all results 

di "Partial ETA: " `ETA' 

di "Lower Bound: " `ci_lower' 

di "Upper Bound: " `ci_upper' 

drop yf yp term 

exit 
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Section G: Why Random Non-Consecutive Years Outperform Random Consecutive Years 

First, by definition, random non-consecutive years cover a longer time period and larger 

segment of the respondent’s life. Second, non-consecutive years are less vulnerable to transitory 

shocks (Holbrook and Stafford 1971).  

Third, one can view the selection of five consecutive measures on person level as a form 

of clustered sampling. We assessed the implications of this with the German SOEP. We specified 

a three-level baseline RE model with measures clustered in sequences of five, and sequences 

clustered in persons. The random effects parameters (computed via Stata’s “mixed”) actually 

reveal a high degree of variance of logged income at the cluster level – and consequently a high 

degree of intra-sequence similarity. On average, the mean value of two sequences (within 

persons) vary by 0.243. As the average size of an intra-cluster residual amounts to 0.251, the 

intra-sequence correlation coefficient ρ is . Thus, about 50% of within-

person variance of logged income is between sequences, which reveals a considerable degree of 

homogeneity within sequences.  Having an average cluster size of 4.7, the design effect DE 

consequently is . Thus, estimating a person's permanent income on the 

basis of a clustered (i.e. consecutive random 5 years) sample instead of an unconditional random 

(i.e. non-consecutive random 5 years) sample is, on average, associated with a loss of efficiency 

amounting to the factor 2.8. Thus, the effective sample size ESS of 5 consecutive random years is 

: Five random consecutive measures of logged income have the same statistical 

value as about 1.7 randomly chosen non-consecutive measures, given the above mentioned 

assumptions. This is roughly reflected by our analysis: The measure, based on five consecutive 

years, produces a slightly worse fit than the measure based on two random non-consecutive 

years. Thus, based on simplified assumptions on the nature/shape of intra-person correlation 
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patterns, the observed difference in the explanatory power of consecutive vs. non-consecutive 

years is something that can be expected. 

 

 


