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1 Paper and Data Summary

1.1 Paper Summary

In 2011, a research paper titled “How do 401(k)s A↵ect Saving? Evidence from Changes

in 401(k) Eligibility” was published with Alexander M. Gelber as the author. The 401(k)

plans are currently the primary way for Americans to save up for retirement and began

in 1978 with the passage of the Revenue Act in the United States Congress (Elkins, 2017).

These plans are sponsored by American companies. They work by having employees of these

companies contribute a proportion of their income to a retirement investment account with
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the employer potentially matching this contribution; these plans allow Americans to save

up for their retirement with assistance from their employers and with major tax savings

(Fernando, 2022).

The purpose of Gelber’s paper is to investigate the impact that 401(k) eligibility has on

saving. In theory, being eligible for a 401(k) might discourage personal saving because some

people might see it as a substitute for other forms of saving. Plus, the 401(k) program is

costly to the government and contains a significant portion of personal savings in America.

Also, the erratic changes in 401(k) balances due to volatility of asset prices since 2008 put

the social value of 401(k) plans and defined contribution pensions into question. So, it is

important to understand how the 401(k) program actually a↵ects the saving rate in the

United States so that the United States government can develop proper policies in regards

to saving rates. Before this paper, there was no consensus on the e↵ect of 401(k) program

on personal savings. Also, according to the author, past academic work had some empirical

limitations such as unobserved taste for saving that is correlated with 401(k) eligibility,

changes in composition of 401(k)-eligible and 401(k)-ineligible populations, and potentially

confounding cohort di↵erences. This paper contributed to the existing literature on the e↵ect

of 401(k) by trying to improve upon these limitations and by concluding that being eligible

for 401(k) significantly increases 401(k) savings. Although the impact on other forms of

savings is not statistically significant, the study notes that the confidence intervals (or CI’s)

are so large that the possibility of 401(k) eligibility having a noticeable impact on 401(k)

savings still remains (Gelber, 2011, pp. 103-105).

For our paper, we hope to replicate, critique, and re-analyze the data analysis methods

found in “How do 401(k)s A↵ect Saving? Evidence from Changes in 401 (k) Eligibility” by
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Alexander M. Gelber.

1.2 Data Summary

This study uses the 1996 Survey of Income and Program Participation (SIPP) data

(Gelber, 2011, p.105). To get a hint at what data was used in this paper, we downloaded

the author’s published replication files for this paper from OpenICPSR. The replication files

consisted of a README file, a do file allowing for replication of the study’s programming

methods in STATA, and multiple dta files containing the SIPP data the author used (Gelber,

2019).

The 1996 SIPP data consist of two types of data files: panel longitudinal core data and

topical module data (Survey of Income and Program Participation (SIPP), 2017). Exploring

the published data files, we found that the core data focused on demographic and employment

information while the topical data focused on the liabilities and financial assets that the

respondents own. We also found that the published data contained topical data from waves

3, 6, 7, 9, and 12 along with panel longitudinal core data from waves 7, 8, and 9 (Gelber,

2019).

The data is collected in waves, and there are 4 months between two adjacent waves,

which means there are a total of 3 waves in each year. Respondents’ financial assets are

recorded in wave 3, 6, 9, and 12. As visualized in Figure 1 below directly taken from the

paper, the respondents’ eligibility for 401(k) is measured in wave 7. The study refers to 1996

as “year 0”, 1997 as “year 1”, and 1998 as “year 2”. Correspondingly, waves 3-6 are observed

in year 0, waves 6-9 are observed in year 1, and waves 9-12 are observed in year 2 (Gelber,
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2011, pp. 105-106).

In order to fully replicate the data analysis done in Gelber’s paper, we decided to use

raw 1996 SIPP data for our replication of Gelber’s paper. Zip folders containing the dat raw

data files from SIPP could be found on the United States Census website and on the National

Bureau for Economic Research (NBER) website. As we did find using Powershell that the

raw 1996 SIPP data files from the United States Census were identical to corresponding

data files from NBER, we downloaded both the dat and the guiding dct files from NBER

for convenience (SIPP 1996 Panel Data, 2022; Survey of Income and Program Participation

(SIPP), 2017).

We used the dct dictionary files for these data files from NBER for guidance with the

cleaning process. The dictionary files contain information on how many characters each

column takes up, what the name of each column is, what type of data each column contains,

and what information each column represents. Due to the massive size of the data files, these

data and dictionary files were uploaded to Deepnote to allow for memory-intensive analysis

of the data. Also, instead of Deepnote’s basic computer with 5 gigabytes (GB) of random

access memory (RAM) and two virtual central processing units (vCPUs), we used a more

advanced computer from Deepnote’s computer selection with 4 vCPUs, 60 GB of RAM, and

12 GB of K80 graphical processing unit (GPU) memory. From here, we used both our own
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R code and R code based o↵ of the author’s published do file to clean the raw SIPP data

files.

Much of the data cleaning e↵ort was spent on converting the fixed-width data in dat

files to R data.frame objects and on filtering for the respondents that met the following five

criteria of the study as done in the paper:

1. The respondent must work at a for-profit firm.

2. The firm must o↵er 401(k).

3. The respondent started the current job one year or less before wave 7.

4. The respondent is under 65 years of age but over 21.

5. The respondent did not switch job between year 1 and year 2.

Another major component of our data cleaning process was the creation of new variables.

As done by the author in his do file, we created an indicator variable for whether the

respondent was temporarily ineligible for 401(k) because they had not worked long enough

for the firm. Also, as done by the author, we also created variables that aggregated the

financial assets each respondent had in each of the relevant waves. In addition, as done in

the paper, we log-transformed the variables for financial assets; the author log-transformed

these variables due to the approximate log-normal distribution of these variables, and we

decided to follow suit (Gelber, 2011, pp. 105-107; Gelber, 2019).
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1.3 Summary Statistics

After cleaning the data, we calculated the summary statistics for some of the main

variables and covariates from Wave 6 for all authors as done by the author in Table 1.

Name Weighted Mean Mean Median IQR SD

1 Age 36.80 37.30 36.00 15.00 9.90

2 Yearly Household Income 58967.90 58263.90 50501.00 43017.00 39220.70

3 401(k) 6044.70 6064.00 0.00 0.00 22560.10

4 IRA 7834.80 7397.30 0.00 0.00 25833.70

5 Other Assets 36745.80 37915.70 2000.00 11269.00 182031.60

6 Secured Debt 61681.10 60480.40 33500.00 95186.50 76150.00

7 Unsecured Debt 6838.00 6854.10 2000.00 8000.00 14169.80

8 Car Value 11875.00 11860.20 11000.00 12584.50 9443.60

Table 1: Summary Statistics

According to author’s do file, the means of all the variables in Table 1 of his paper are

weighted (Gelber, 2019). So, to get a better understanding of the data, we included both

weighted and non-weighted means in our summary table. We also included not only standard

deviation but also median and interquartile range (IQR) to get a better understanding of

the spread of our data variables.

There are some di↵erences between this table of summary statistics and Table 1 in

author’s paper. For instance, the weighted mean of the yearly household income is $60,389.70

in the author’s paper, but the weighted mean of the yearly household income is $58,967.90 in

our summary statistics table. The weighted mean for individual retirement account (IRA)
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assets were the same for both tables, but the standard deviation was di↵erent with the value

on the author’s table being $27,130.50 and the value on our table being $25,833.70 (Gelber,

2011, p. 110).

The di↵erences potentially come from the author’s lack of transparency in his cleaning

process. While the author’s do file shows how to deal with the given datasets in dta format,

the author does not include any code in his published files or in his paper on how he obtained

and cleaned the original dat files (Gelber, 2019). So, there may be steps in the cleaning

process that the author might not have included in either the paper or the published files;

such steps might be the reason why there are some di↵erences between our and the author’s

summary statistics tables.

One interesting observation is that the medians and the IQRs for 401(k) saving and IRA

saving are 0. This means that less than 25% of the respondents had assets in these two

categories, so the distribution of these two assets are highly skewed to the right. In addition,

“Other Assets” is also right-skewed with a very large dispersion. Overall, we can see that

financial assets are concentrated on a small percentage of wealthy respondents.

2 Replication of the Main Results

2.1 Author’s Methodology

In the paper, Gelber uses a di↵erence-in-di↵erence strategy for causal inference. He

defines the treatment group as the group of 1996 SIPP respondents who reported to be

ineligible for 401(k) in their first year of a job because they have not worked long enough.
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In contrast, the control group is the group of 1996 SIPP respondents who have always been

eligible for the 401(k) plan. Therefore, the treatment is becoming eligible in the second year

on the job, while the control is always being eligible for 401(k) on both years. The treatment

is coded as a dummy variable “becoming eligible”, which equals 1 if the respondent belongs

to the treatment group, or 0 if the respondent belongs to the control group (Gelber, 2011,

p. 106).

Gelber obtains respondents’ savings over their first year of employment and savings over

the second year. He then obtains the di↵erence between savings in these two years. Finally,

he compares the di↵erence in savings between the treatment group and the control group

(Gelber, 2011, p. 105). Note that the underlying assumption here is that people who were

ineligible in the first year would automatically become eligible in the second year. Similarly,

people who were eligible in the first year would remain eligible in the second year. A diagram

was added below to make his methodology more clear.

All households

Households with individuals reporting

ineligibility for 401(k) in 1st year on a new job

Saving in 1st year on job Saving in 2nd year on job

Households always eligible

in Years 1 and 2

Saving in Year 1 Saving in Year 2

Di↵erence 1 Di↵erence 2

Linear regression is used to implement the author’s di↵erence-in-di↵erence method. The

dependent variable is the di↵erence between the natural log of savings on a type of assets

8



2.1 Author’s Methodology Group 4, Yehchan Yoo and Xinyi Zi

in the second year on a job and in the first year on the job. Or, in mathematical terms, the

dependent variable is:

lnA12 � lnA9 � [lnA9 � lnA6]

where A stands for a type of asset such as 401(k) savings and the subscript stands for wave

number. So, A9 would represent the amount of a type of asset from Wave 9.

The independent variables are the dummy variable that equals 1 if the respondent is

temporarily ineligible; and the confounders that we wish to control for. The confounding

variables include age, household income, education level, size of the firm that the respondents

work for, industry, and the number of days the respondents have worked on the job. Gelber

ran three regressions in his main results: one without any of the controls, one with the

controls, and one with respondents’ initial assets in wave 6 in addition to all of the controls

(Gelber, 2011, pp. 110-112).

Main Results

Becoming eligible without controls Becoming eligible + covariates Becoming eligible + covariates + initial assets

401(k) Saving 0.949 0.932 1.03

95% CI for 401(k) Saving [0.386, 1.51] [0.364, 1.5] [0.462, 1.6]

IRA Saving 0.557 0.526 0.46

95% CI for IRA Saving [0.038, 1.08] [0.027, 1.03] [-0.03, 0.951]

Table 2: Coe�cients and Confidence Intervals for the “Become Eligible” Dummy Variable

Through replication, we obtained similar results as in the paper. For the regression with-

out any controls, the coe�cients on “become eligible” are only significant for 401(k) savings

and equity in IRA accounts, but not for the other types of financial assets. Specifically,

the coe�cient for “become eligible” is 0.949 for 401(k) saving, and 0.557 for IRA assets in

the regressions without controls. Also, the results with and without controls appear to be

very similar, which also aligns with the author’s results. Finally, the causal e↵ect on 401(k)
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saving becomes larger when the initial balance is included, together with all the controls. In

contrast, the causal e↵ect for IRA saving decreases. The results are still only statistically

significant for 401(k) saving and IRA saving. The coe�cient for “become eligible” is 1.03

for 401(k) saving, and 0.46 for IRA assets.

Note that we omit elaborating on the other types of assets here and in later parts of the

report because the causal e↵ect on those assets were never statistically significant.

We included below a derivation of what the coe�cient means to help interpret the result.

Let ⌧ denote the coe�cient for the “become eligible” dummy variable.

⌧̂ = [lnA12 � lnA9 � (lnA9 � lnA6)]treatment � [lnA12 � lnA9 � (lnA9 � lnA6)]control

=


ln

A12

A9
� ln

A9

A6

�

treatment

�

ln

A12

A9
� ln

A9

A6

�

control

As seen above, the coe�cient can be interpreted as the di↵erence in di↵erence between

increase in saving between year 1 and year 2, caused by becoming eligible for the 401(k)

plan, as a ratio.

2.2 Assumptions and Critiques

The assumption made in carrying out the causal identification is that people who were

not eligible for 401(k) in their first year on a job all became eligible in the second year.

At the same time, those who were eligible in the first year are assumed to remain eligible.

While the second assumption is reliable to a large extent, as employers are not likely to

cancel the 401(k) program for those who are already enrolled, the first assumption deserves

some critiques. It is not guaranteed that employers who do not o↵er a 401(k) plan in the

first year would o↵er it in the second year. For example, they might decide to only o↵er it
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to employees who have worked for 2 or 3 years in order to encourage employees to stay on

the job longer. Thus, a violation of the assumption is likely.

This assumption of becoming eligible in the second year is also problematic because it is

possible that a respondent who was ineligible at the time of wave 7 became eligible shortly

after wave 7 but long before wave 9. As mentioned before, the author defined year 1 as wave

6 to wave 9, and year 2 is defined as wave 9 to wave 12. The respondents’ eligibility for 401(k)

is surveyed at wave 7 (Gelber, 2011, p. 105). However, note that there are 8 months between

wave 7 and wave 9. Even though the author only selected respondents who worked on their

jobs fewer than one year at the time of wave 7, the data does not capture exactly how many

months they had worked on the job. As a result, it is very likely that some respondents in the

treatment group became eligible shortly after wave 7 because they had reached the second

year of their employment. In this case, the di↵erence between savings in wave 6 to wave 9

and wave 9 to wave 12 does not capture the changes in saving due to change in eligibility, as

the respondent in the treatment group already became eligible in year 1, and no change in

eligibility happened in year 2. This would mean that the di↵erence-in-di↵erence the author

captures is due to some factors other than change in eligibility.

Another weakness in the method the author used is that it does not account for variables

that are potentially inconsistent across time at all. These time-inconsistent variables refer

to variables that can change from one year to the next, and could influence the respondents’

willingness to save. For example, the profitability of the firms the respondents worked for

is a time-inconsistent variable. If a firm did very well in year 1 of the study, but started

to lose a lot of money in year 2, it is natural that the respondents working at this firm

would want to save more in year 2 because they would be worried about a potential layo↵.
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Failure to account for this type of variables suggests that there potential exists uncontrolled

confoundedness that could seriously undermine the causal relationship.

3 Replication of Robustness Checks

Robustness Checks

1st check: Winsorize outliers 2nd check: p score stratification 3rd check: accumulation of assets in year 1

401(k) saving 0.743 0.65 -0.446

95% CI for 401(k) saving [0.288, 1.2] [-0.624, 1.924] [-0.724, -0.169]

IRA saving 0.412 0.57 -0.186

95% CI for IRA saving [0.068, 0.756] [-0.547, 1.687] [-0.436, 0.064]

Table 3: Robustness Check Results

We replicated three robustness checks the author conducted. The first robustness check

dealt with outliers. There are some observations with large amounts of assets. To test

the robustness of the causal e↵ect against outliers, the asset data were winsorized at 5th

and 95th percentiles, meaning that all values below the 5th percentile were set to the 5th

percentile and all values above the 95th percentile were set to the 95th percentile (Gelber,

2011, pp. 114-115). The causal e↵ects for 401(k) saving and IRA saving were still statistically

significant; but the magnitude became smaller, especially for 401(k) saving. The coe�cients

are 0.743 for 401(k) saving and 0.412 for IRA, compared to 1.03 and 0.46 before removing

the outliers. This suggests that the causal e↵ect on IRA saving is more robust than that on

401(k) saving.

Next, propensity score stratification was done to help to account for other potential

di↵erences between the control and treatment groups (Gelber, 2011, p. 116). Propensity
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score is mathematically defined as:

e(X, Y (1), Y (0)) = pr{Z = 1|X, Y (1), Y (0)}

but often estimated with formula e(X) = pr{Z = 1|X} under strong ignorability. Demo-

graphic and socio-economic information were accounted for when we stratified the data by

propensity score. Although we got coe�cients similar to what the author has for his propen-

sity score match in Panel B of Table 4, we had larger standard errors and the 95% confidence

intervals for both 401(k) saving and IRA saving contained 0. This means that the causal

e↵ect might be quite small and there might not be much of a di↵erence at all between the

two groups after accounting for more observable characteristics.

The third robustness check focused on savings accumulated in the first year (wave 6 to

wave 9). In the third robustness check, log of wave 9 asset is regressed on “become eligible”

dummy, log of wave 6 asset, and the control variables. The purpose of this robustness check

was to see if the control group actually saved less when they were not eligible for the 401(k)

plan (Gelber, 2011, pp. 115-116). Only the coe�cient in the regression for 401(k) saving

was statistically significant. The coe�cient was -0.446, indicating that the control group

saved more than the treatment group in year 1, when the treatment group was theoretically

ineligible for 401(k).
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Re-Analysis

Propensity score matching Doubly robust estimator

401(k) saving 0.686 1.044

95% CI for 401(k) saving [-0.157, 1.529] [0.287, 1.802]

IRA saving 0.431 0.206

95% CI for IRA saving [-0.347, 1.209] [-0.345, 0.756]

Table 4: Re-Analysis Results

4 Re-Analysis

4.1 Propensity Score Matching

We applied propensity score matching to make the control and treatment groups more

comparable and used simple ordinary least squares regression to check if the covariates were

balanced by propensity score matching. Although the point estimate for the causal e↵ect on

401(k) saving and IRA saving obtained through matching were similar to the point estimate

obtained through stratification, their standard errors became even larger. As a result, the

95% confidence intervals crossed 0, suggesting that there might not be a causal e↵ect at all.

By regressing the “become eligible” dummy variable on the covariates, we observe that

six of the covariates are unbalanced before matching. After matching, two of the covariates

remain unbalanced: value of the car owned by the respondents in wave 3 and wave 6. The

negative coe�cients on these two variables suggests that the control group had more valuable

cars and this di↵erence cannot be mitigated through matching. The values of the cars

owned by respondents indicate not only their financial capaacity but also their consumption
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behaviors. Having significant imbalance in this variable undermines the causal identification

because it is possible that the observed causal e↵ect is simply a result of di↵erent spending

habits. Thus, we need to come up with an analysis that addresses this, as detailed in the

next section.

4.2 Doubly Robust Estimator

As some covariates continued to be unbalanced even after matching, we decided to

calculate doubly robust estimators to calculate the causal e↵ect of the treatment variable

on 401(k) and IRA savings. The doubly robust estimator involves using both propensity

score calculations and linear regression to calculate causal e↵ect. The estimator is called

“doubly robust” because it is consistent if either the propensity score model or the outcome

model is correctly specified. This means that the estimator is correct if only one of the two

aforementioned models is correct and the other is misspecified (Alves, n.d.). Doubly robust

estimator has been suggested as a solution for doing causal inference if covariate imbalance

remained even after propensity score matching (Nguyen et al., 2017). The formula for the

doubly robust estimator is ⌧̂dr = µ̂dr
1 � µ̂dr

0 , where

µ̂dr
1 =

1

n

nX

i=1

"
Zi{Yi � µ1(Xi � �̂1)}

e(Xi, ↵̂)
+ µ1(Xi, �̂1)

#

µ̂dr
2 =

1

n

nX

i=1

"
(1� Zi){Yi � µ0(Xi � �̂0)}

1� e(Xi, ↵̂)
+ µ0(Xi, �̂0)

#

with e(X, ↵̂) being the fitted values of propensity scores and µ1(Xi� �̂1) and µ0(Xi� �̂0)

being the fitted values of outcome means.
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We calculated the doubly robust estimators for 401(k) and IRA assets using the same

treatment and covariate variables used by the author for his original propensity score calcu-

lations – that is, the “become eligible” dummy variable was used as the treatment variable

with outcome variables being the di↵erence-in-di↵erence values of logs of 401(k) assets and

of IRA assets and with covariate variables being age, education, household income, gender,

household size, firm size, 1-digit industry, and the values in both Waves 3 and 6 of 401(k)

balance, IRA balance, other assets, secured debt, unsecured debt, and cars.

Also, when we ran the robustness check and the propensity score matching, we omitted

all rows with missing values not only to prevent these rows from causing errors, but also

because this was one of the two ways that the author dealt with missing data in his paper.

Most notably, for some parts of his analysis, he finds that household income is missing for 17

observations; so, he tries doing his analysis after removing these observations. However, the

author also tries doing the same analysis by creating a dummy column indicating 1 for rows

with missing household income data and 0 for other rows (Gelber, 2011, p. 111). So, for

doubly robust estimator calculation, we decided to do the same thing by imputing missing

values in each column with -1 and indicating which values in that column were missing in

another dummy column in order to account for rows with missing values.

Calculating the doubly robust estimator, we found that the coe�cient for the treatment

vector was pretty similar to those from the replicated main results. The doubly robust

estimator for 401(k) assets was similar to that from panel C of table 2 in the paper, though

the doubly robust estimator had a greater standard error; the result was also significant at

the 5 percent level. The doubly robust estimator for IRA assets was much smaller than those

from the replicated main results with similar standard errors; the doubly robust estimator
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was not significant here at 5% level.

5 Conclusion

In this project, we attempted to replicate Alexander M. Gelber’s 2011 study on the

causal e↵ect that being eligible for the 401(k) plan has on savings. We cleaned the data

from scratch, replicated the author’s main result, replicated three robustness checks, and

used propensity score matching and doubly robust estimators to improve on the method.

By replicating the author’s method, we obtained similar results as in the paper: the causal

e↵ect is statistically significant for 401(k) saving and IRA saving, but not for the other types

of assets.

We think the author’s assumption that people who were not eligible in year 1 would all

become eligible in year 2 is fragile for two reasons: first, there is no guarantee that they

would actually become eligible; secondly, they could become eligible shortly after the survey

about eligibility, which happened in year 1. Thus, it is not guaranteed that the causal e↵ect

identified is actually a result of becoming eligible for 401(k).

The robustness checks revealed more weaknesses. When propensity score stratification

was performed to account for more observable covariates, the wide confidence intervals that

covered 0 suggested there might not be a causal e↵ect.

We tried to improve the author’s method by conducting covariate balance check with

propensity score matching. We found that the 95% CI for the causal e↵ects contains 0, and

two of the covariates remained unbalanced after matching. We decided to use doubly robust

estimator to cope with covariate imbalance and with the potential misspecification of the
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outcome model or the propensity score model. The doubly robust estimator for the causal

e↵ect on 401(k) saving is very similar to what we had from the replication of the author’s

main result. However, the causal e↵ect on IRA saving is much smaller, and the 95% CI

contains 0. Thus, we can only confidently say that 401(k) eligibility does have a positive

causal e↵ect on 401(k) saving, but not on other types of assets including IRA assets.

Future studies should consider accounting for variables that are likely to be inconsistent

across time to rule out the e↵ect from this type of potential confounding variables.
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