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Abstract

We use survey responses to hypothetical scenarios linked with administrative 401 (k)
data to investigate the efficiency and equity implications of employer 401(k) match
formulas. We find that (i) survey responses can be used to accurately predict sav-
ing responses to both observed and hypothetical plans, (i) saving is inelastic to the
match rate, (iii) non-elective contributions do not crowd out saving. These patterns
imply that (iv) plans combining lower match rates with non-elective contributions gen-
erate higher savings and more equitable match distributions, and (v) many existing
plans—including safe-harbor formulas—are strictly dominated along both dimensions.
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1 Introduction

Every year, U.S. private employers contribute over $200 billion to their employees’ retirement
savings plans, mostly in the form of matching contributions. These incentives tie employee
compensation to voluntary saving behavior and vary widely across employers, with more than
1,000 different matching formulas featuring different match rates, caps, and often multiple
tiers.! The stated goal of these programs is to increase employee contributions for more than
100 million eligible workers while complying with federal regulations that limit the share
of benefits accruing to highly paid workers. Given these twin goals of increasing employee
savings and mitigating inequality, this paper asks a simple question: which matching formula
should an employer choose to increase savings, reduce inequality, while containing costs? The
answer to this question matters not only for employers seeking to align benefit design with
these goals, but also for public policy. Over half of firms adopt one of four standardized
“safe harbor” formulas, which are exempt from non-discrimination testing. Yet these widely
adopted designs have never been evaluated against cost-equivalent alternatives.

We provide the first comprehensive evaluation of employer matching formulas by combin-
ing administrative data from 1.8 million Vanguard participants with a novel survey method-
ology that elicits responses to counterfactual matching designs. A distinctive feature of the
survey is that it asks respondents about their likely behavior under match formulas that
are rare or non-existent in the current landscape. We integrate these survey responses with
a predictive model of saving behavior and show that, when calibrated with our survey re-
sponses, the model closely replicates observed saving choices. This provides validation for
using the model, augmented with survey input, to predict responses under a wide range
of counterfactual policies. This approach allows us to overcome the limitations of existing
variation and consider a wide range of potential match formulas, including many that are
never observed in practice.

There is good reason to believe that current matching formulas could be improved on
both equity and efficiency grounds. Using administrative data from nearly 1,000 retirement
plans managed by Vanguard, we first show that most low-income workers do not contribute
enough to receive the full match. Even among high-income workers, around 20% fall short
of the match threshold. This pattern implies significant inequality in the distribution of
matching resources, one that aligns with the pattern observed in nationally-representative
tax data by Choukhmane et al. (2024). Second, we find that the majority of employer

match dollars accrue to inframarginal savers—employees who already contribute beyond

!For instance, a single-tier plan might match 100% of employee contributions up to 5% of pay. A two-tier
plan could match 100% of contributions up to 3% of pay, and then 50% of contributions on the next 2% of

pay.



the maximum matched amount. This implies that most matching dollars are not efficiently
targeted at creating incentives for workers to contribute more.

Next, we use a new survey of retirement contributions under hypothetical match formulas
to study the potential of alternative formulas to improve outcomes along both dimensions.
We have four main results. First, employee self-reported saving is inelastic with respect to
the match rate: dollar-for-dollar match rates are much more costly than 25-cents-on-the-
dollar match, and yet only generate slightly more additional saving. Second, non-elective
contributions—employer contributions made regardless of employee saving—do not appear
to crowd out employee contributions. This holds in both survey responses (where hypothet-
ical non-elective contributions do not reduce stated preferences) and administrative data
(where actual increases in non-elective contributions do not reduce employee contributions).
Third, bringing together the survey evidence and the predictive model, we characterize the
frontier of the equity-efficiency trade off. In other words, we identify the set of contribution
formulas where, for a given employer cost, reducing inequality necessarily requires lowering
contributions, and vice versa. Formulas on the frontier tend to pair lower match rates with
non-elective contributions. Fourth, we find that many existing retirement plans, including
nearly all safe harbor plans, are strictly dominated in the sense that cost-neutral alternatives
could increase saving without increasing inequality. We estimate that moving all plans in our
sample from their current formulas to the dominating alternatives we identify would increase
average employee contributions by 50%, without raising employer costs or exacerbating in-
equality. Alternatively, moving all plans to the efficiency frontier could reduce inequality in
the distribution of employer contributions by 40%, again without reducing voluntary saving
or increasing plan costs.

Our work relates to three strands of the literature. The first concerns the causal effects
of saving incentives. Researchers have addressed this question using a variety of empirical
strategies, including cross-sectional variation in match schedules (e.g., Engelhardt and Ku-
mar (2007); Mitchell et al. (2007)), firm-level changes in match rates (e.g., Papke (1995);
Kusko et al. (1996); Choi et al. (2002)), variation in tax incentives (e.g., Ramnath (2013);
Chetty et al. (2014)) and experimental designs (e.g., Duflo et al. (2006)). A review by Choi
(2015) concludes that while matching has a small positive effect on participation, its effect
on average contribution rates is ambiguous.

We advance this literature by addressing a fundamental challenge: the difficulty of iden-
tifying responses to multidimensional and heterogeneous saving incentives. Our approach
estimates stated contribution preferences across a wide range of match formulas that extend
well beyond those observed empirically. By combining a model with purpose-built survey

data designed specifically for model calibration, we can predict contribution behavior under



a large set of match schedules, thereby overcoming the limitations of existing variation in
incentive structures.

Second, we contribute to the literature on the design of retirement saving institutions.
Going back to Diamond (1977), the literature has identified two primary rationales for inter-
vention in retirement savings: paternalism (addressing undersaving) and redistribution (both
across people and states of the world). Beginning with Feldstein (1985), studies have used
theoretical models to characterize optimal paternalistic retirement saving policies. These
models typically assume that individuals undersave either because of behavioral biases (e.g.,
Beshears et al. (2025)) or because of the disincentives created by means-tested social safety
nets (e.g., Hubbard et al. (1995)). In parallel, redistribution and insurance have been studied
as an independent source of welfare gains in the design of these policies (e.g., Hosseini and
Shourideh (2019), O’Dea (2018)). Recent work increasingly recognizes that these motives
cannot be considered in isolation. For instance, Moser and Olea de Souza e Silva (2019)
analyze optimal savings policies under joint concerns for retirement undersaving and income
inequality, while Choukhmane and Palmer (2025) estimate a structural lifecycle model to
quantify the welfare implications of alternative policy designs when policymakers value both
objectives. While this literature provides important insights for the design of saving policies,
it often relies on stylized settings that abstract from the complexities of actual retirement
saving incentives. Real-world matching formulas involve multiple design parameters (i.e.,
match rates, caps, and often multiple tiers) and must account for wide heterogeneity in em-
ployee responses and employer financial resources, making analytical characterization often
intractable. We contribute to this literature by providing the first systematic answer to which
matching formulas actually achieve the two objectives identified in the theoretical literature,
increasing savings and reducing inequality, while accounting for real-world constraints and
both employee and employer heterogeneity.

Third, we contribute to the growing literature that combines administrative data, mod-
els of economic behavior, and custom surveys (Fuster and Zafar (2023); Stantcheva (2023);
Caplin (2025)). These surveys bring rich variation to identify preferences, beliefs, and con-
straints that are generally missing from most administrative datasets but critical for model
calibration (see Kosar and O’Dea (2023) for a review). Recent work has applied this ap-
proach to household consumption and saving behavior: Giglio et al. (2021) and Carranza
and Goodman (2024) show that survey responses predict actual behavior, while Ameriks
et al. (2020) and Indarte et al. (2025) use surveys to calibrate key parameters in lifecycle
consumption models. We contribute to this literature by showing how survey responses not
only predict actual behavior but also enable quantitative policy evaluation.

The remainder of the paper proceeds as follows. Section 2 describes the institutional set-



ting and reports descriptive analysis of contributions using the administrative data. Section
3 introduces a simple model of retirement saving in the presence of employer matches. Sec-
tion 4 presents our survey design and validation methodology. Section 5 brings together the
model and survey data. Section 6 characterizes the efficiency frontier and evaluates existing

plans, and Section 7 concludes.

2 Matching Incentives: Institutional Context and Key

Empirical Patterns

2.1 Employer Matches in the US

Defined contribution (DC) plans are the dominant vehicle for private retirement saving in
the United States. Two-thirds of workers of US workers have access to employer-sponsored
account (U.S. Bureau of Labor Statistics (2024)), and Americans hold $12 trillion of assets
within them. A central feature of these plans is the employer match, which provides a direct
financial incentive for employees to contribute.

Match formulas vary widely in their structure. Key elements include:
e the match rate (e.g., 50% or 100%) applied to employee contributions,
e the cap on contributions eligible for a match (e.g., up to 6% of pay),

e the number of tiers, with some plans offering a higher match rate on initial contri-

butions and a lower rate thereafter,

e non-elective contributions, where employers contribute regardless of employee ac-

tion.

Other plan design features also shape participation and savings behavior, including au-
tomatic enrollment, vesting schedules, eligibility rules, and withdrawal options. Accordingly
these plan design features may also influence whether the worker takes full advantage of the

match and associated employer costs.

2.2 Non-Discrimination Testing and Safe Harbor Plans

While employers decide whether to offer a match and choose its specific formula, legisla-
tion and regulation play a pivotal role in guiding these choices. To retain tax-advantaged

status, retirement plans must pass annual non-discrimination tests that ensure benefits,



and in particular employer contributions, do not disproportionately accrue to highly com-
pensated employees. Failure to pass these tests requires corrective action and may trigger
excise taxes. Employers can bypass testing altogether by adopting standardized “safe har-
bor” plan designs, which are automatically deemed compliant. Through the structure of
non-discrimination tests and the design of safe harbor provisions, public policy can effec-
tively steer employers toward specific matching formulas. Reflecting this influence, Van-
guard (2025) show that a third of Vanguard plans have adopted a safe-harbor design, while
Arnoud et al. (2021) find that nearly half of plans in a nationally-representative sample

adopt a match formula that satisfies the safe harbor employer matching requirements.

2.3 Administrative Data

We use data from administrative records for Vanguard plan participants. We use information
on current and historical employer and employee retirement, as well as information on plan
characteristics including the match formula, auto/enrollment status and loan availability.
Additionally, we have information on hardship withdrawals and loan origination inside the
plan which we use as measures of liquidity demand.

For the majority of participants, we have data on the income received from the plan
sponsor. Income data comes from two different sources. First, for a subset of plan for
which the plan manager conducts non-discrimination testing, we have W-2 income data
directly from the plan sponsor. For the remaining plans, we estimate income using the
elected contribution rates and observed contribution amounts. We use W-2 income data
from non-discrimination testing when available and use the second imputed income data
otherwise.

Finally, we have some additional administrative information on basic demographics in-

cluding age, gender and geographical location.

2.4 Two facts about DC retirement saving behavior

Before turning to our analysis of counterfactual policies, we summarize two empirical facts

about defined contribution (DC) saving behavior in our data.

1. Take-up is incomplete, especially among low-income workers. Despite strong
positive gradients in saving, many high earners do not contribute enough to receive the full
employer match. Figure la shows that nearly 20% of workers earning $150,000 or more fall
below the match threshold.



2. Most match dollars go to inframarginal savers. Close to half of of employees
contribute more than the match ceiling, and this group receives almost 60% of total match
dollars. If the goal of matching is to increase saving at the margin, the heavy allocation
of match dollars to inframarginal savers suggests that existing incentives may be poorly

targeted.

Figure 1: Patterns of Match Take-Up and Dollar Flows
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Notes: Panel (a) shows the proportion of workers in the administrative data who do not full take up
the match they are offered. Panel (b) divides the distribution of workers in groups of those who do not
participate, those who participate but save less than match cap, those who save at the match cap, and
save above the match cap. The figure also shows the proportion of match dollars going to employees in
each of those four groups.

3 Predicting Behavior Under Counterfactual Plans

Our aim in this paper is to evaluate both the positive and normative features of match
formulas, including those not currently observed in practice. To do so, we present a simple
model of retirement saving in the presence of employer matches. We show that this model,
combined with a small set of variables collected through our survey, can be used to predict

saving behavior across a wide range of match formulas.

3.1 An Elementary Model of Retirement Saving Choices

An individual 7 has income Y to allocate between current consumption (C') and saving (.5),
such that Y = C' + S. Tomorrow’s wealth (W) comprises saving S plus an employer match

M (S), which is a function of saving. Individuals have quasilinear utility:

max In(Y —S) + (S + M(S))



where «; captures how much agent ¢ values current consumption relative to future wealth.
The quasilinear specification assumes that there are no wealth effects associated with the
receipt of matches. We return to the assumption of no wealth effects below.

We consider match formulas that are weakly increasing and piecewise linear. We consider
concave formulas (which are much more common). For illustration, we use a simple one-tier
match: the employer matches saving at rate m up to a cap 5P, and provides no match

beyond that point.2

M(S) =m - min(S, Scap) (1)

We will refer to this below as the ‘Partial Match’, and refer to the saving that ¢ does under
this as SFartial Match - Qur aim is to obtain an estimate (SFartial Match) of thig.

Suppose we observe two pieces of data for individual ¢ (these will be the the objects that
we will collect in our survey). These are i) the saving that they would do under no match

(SNe Mateh) and ii) the saving saving that they would do under an unlimited match at rate

m (SZFull Match)‘

There are three distinct cases to consider in search of of our estimate (S}artial Mateh)

These are (suppressing the i subscript):3

1. Low Saver: SfullMach g " That is, even with an unlimited match, agent i would
save less than the cap. Because the cap is not binding, their behavior under the partial

match is the same as that under the full match:

SPartlal Match — SFull Match (2)

Figure 2a illustrates this case for an individual with 100 units of income and a 50%

match up to 50 units.

2. High Saver: SNoMatch > G . That is, the agent would exceed the cap even without
a match. Since the marginal incentive from matching under the partial match is

irrelevant, the agent saves as they would without any match:

SPartlal Match — SNO Match (3)

Figure 2b illustrates this cases.

2The approach extends straightforwardly to multi-tier plans, as described in the appendix.
3 A more formal exposition of the model predictions in each case is given in Appendix A.2.



3. Medium Saver: STMatch > G but SNoMatch G . That is, the agent would
exceed the cap under a full match, but fall short of it without any match. In this case

the agent optimally bunches at the cap:
SPartial Match __ Scap ( 4)

Figure 2c illustrates this case.

Figure 2: Model Predictions for one-tier concave match formulas
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Notes: This figure illustrates the optimal period 1 consumption and period 2 wealth choices for three
different agents under three budget constraints: a case where there is no matching, a case where there
is unlimited matching at 50% and a case where there is matching at 50% up to a cap (Seqp). Panel (a)
(a ‘low’ saver) shows the optimal consumption and wealth allocation for an agent who would save below
(Scap) under both no match and the unlimited match. Panel (b) (a ‘high’ saver) shows the optimal
allocation for an agent who would save above (S¢q,) under both no match and the unlimited match.
Panel (¢) (a ‘medium’ saver) shows the optimal allocation for an agent who would save below (S¢qp)
under no match and above (Sgqp) the unlimited match.

This model, together with data on the saving individuals would do under each of the
two rates of return that feature in the partial match (0% and m%), can be used to predict
saving under any cap. We show in the appendix that this approach extends naturally to
match formulas with multiple tiers. For example, to evaluate saving under a counterfactual

formula that matches at 100% up to one level and 25% up to another, we would need data



on saving under no match, an unlimited 25% match, and an unlimited 100% match. The
logic holds because, with quasilinear utility, the marginal return to saving fully determines

the agent’s optimal choice — and at each segment, that marginal return is known.

4 Survey Data Collection and Validation

4.1 Survey Design and Implementation

The survey was designed to serve two main purposes: (i) to evaluate saving responses under
counterfactual match formulas, and (ii) to generate responses that could be used to calibrate

our model.

Survey Design The core of the survey consisted of a series of hypothetical contribution
vignettes. Respondents were asked to evaluate several retirement plan designs. Before
viewing the vignettes, they were presented with a set of assumptions that would apply to all
scenarios. Figure 3a displays the introductory instructions. Participants were told to assume
that employer contributions would be immediately vested, that employee contributions would
receive the same tax treatment as in their current plan, and that all other aspects of their
jobs would remain unchanged.

Following this, respondents were asked how much they would contribute under each
hypothetical match schedule. Each vignette followed a standard format. Figure 3b shows the
interface for the ”No Match” vignette. Respondents used a slider to choose their contribution
rate as a percentage of income. As the slider moved, the display updated in real time to
show the employee contribution, the employer contribution, and the total combined amount.

The match schedules tested in the survey included:

1. One vignette with no match.

2. Three vignettes with unlimited matching at rates of 25

3. One vignette with a match rate below 6

4. One vignette with no match but a universal employer contribution of 10

The vignettes in items 1 and 2 provide the main inputs for predicting matching contribu-
tions under alternative plan designs. The vignette in item 3 is used to test the consistency
of responses and assess the predictive accuracy of our model. The vignette in item 4 allows

us to evaluate the size of wealth effects.
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The survey also included questions about current contribution behavior, as well as mea-
sures of behavioral traits such as present bias, risk aversion, self-control, and liquidity con-

straints.

Survey Implementation The survey was fielded in February 2025. The sample consisted
of current plan participants for whom we had administrative data on contributions and
income in 2023. We oversampled participants who had contributed less than the plan match
cap in that year.

Table 1 compares the respondent sample to the full administrative population across age,
income, and tenure. The final sample closely matches the population in terms of income and
tenure but includes a somewhat higher proportion of older participants. In our empirical
analysis, we re-weight responses to match the observable characteristics of the full participant

population.

0% 100%

‘We will now ask you about 9 hypothetical 401(k) retirement saving plans.

For each plan, choose how much of your monthly income you would save. Let's suppose your employer offers you the following retirement savings plan:

Key points to assume for this hypothetical exercise: * Your employer does not contribute to your account.

« You can choose any contribution level, including 0%. ‘What percent of your monthly income would you contribute to this plan?
* Your contributions lower your taxable income and grow tax-free.
« All contributions (yours and employer's) are inmediately vested (yours to
keep if you leave).
* Before age 59'%, withdrawals while employed may require proof of

financial hardship and incur a 10% penalty plus income tax.

When answering:
Your contribution: 6%

« Imagine you face this new hypothetical plan but all other aspects of your
. Employer contribution: 0%
job are the same.

* Base decisions on your current income and financial situation. Total contribution: 6%
* There are no right or wrong answers — we're interested in your personal

choices.

Please respond thoughtfully based on your present circumstances. Your honest
answers are valuable to our research.

(a) Introductory Instructions (b) No Match Vignette

Figure 3: Survey Interface for Hypothetical Contribution Scenarios

Notes: Panel (a) displays the introductory instructions presented before the nine hypothetical contri-
bution vignettes. These instructions explain key assumptions that apply across all scenarios, including
contribution flexibility, tax treatment, vesting, and withdrawal rules. Panel (b) shows the interface for
the “No Match” vignette. Respondents use a slider to choose the share of monthly income they would
contribute, with real-time updates displaying their own contribution, the employer contribution, and the
total.
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Table 1: Demographic Characteristics of Survey Sample

Sample Administrative Survey Final
Population Population Sample
Count 1,862,579 348,372 1,754
Age
25-35 23% 27% 6%
35-45 28% 28% 14%
45-55 25% 25% 29%
55-65 20% 16% 38%
65-75 4% 4% 14%
Income
0-30k 10% 10% 9%
30-60k 24% 25% 23%
60-90k 24% 25% 24%
90-120k 15% 15% 16%
120-150k 10% 10% 13%
150-180k 6% 6% %
180k+ 10% 10% 9%
Tenure
0-3 21% 23% 17%
3-6 21% 22% 16%
6-9 14% 15% 11%
9-12 11% 11% 10%
12-15 ™% ™% 8%
15+ 27% 22% 39%

Notes: This table compares demographic characteristics across three groups: (i) the full administrative
population of active plan participants, (ii) the subset of participants selected to receive the survey,
and (iii) the final set of respondents who completed the survey. Percentages are calculated within
each group for age, annual income, and job tenure categories. The final survey sample over-represents
older participants and those with longer tenure compared to the administrative population, while the
income distribution is broadly similar across groups. To account for these differences, all estimates
in the empirical analysis are re-weighted to match the observable characteristics of the administrative
population.

12



4.2 Survey Internal Validity

To test the internal validity of the survey responses, we compare survey responses to ad-
ministrative data on measures for which both sources are available. First, we compare
self-reported contribution rates to employer-sponsored retirement accounts with the actual
contribution rates recorded in administrative data. Figure 4 shows the comparison. For most
respondents, reported values align closely with observed contributions, with the distribution
tightly clustered around the 45-degree line. The median response falls directly on this line,
indicating that participants generally report their current contributions accurately.

Second, we examine responses to the hypothetical “50 on 6” and “100 on 6” match
scenarios for the subset of respondents who actually face those match formulas in reality.
Figure 5 plots each respondent’s hypothetical response against their actual contribution
rate. The correlation is high: 0.82 for “50 on 6” and 0.80 for “100 on 6”. While the
dispersion around the 45-degree line is greater (partly due to smaller sample sizes of around
200 participants per vignette). These exercises provide evidence that respondents understand
and respond meaningfully to the hypothetical incentives presented in the survey.

As a final piece of internal validation, Appendix Figure 18 examines internal consistency
by comparing responses to a hypothetical “no match” scenario elicited at the start of the
survey with responses to the same scenario elicited at the end. The stability of responses

over time suggests that answers are not sensitive to survey fatigue or framing effects.

Figure 4: Comparing contributions in administrative data with those stated in the survey
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Notes: This figure compares the contribution rates that are observed in the administrative data (hori-
zontal axis) with the distributions reported by respondents in the survey (vertical axis).
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Figure 5: Hypothetical stated contributions compared to admin for those who have formula

[=}
N
=}

©

[
o
N}

[=}

Contribution under 50 on 6
o o
Py 2
()] o

Contribution under 100 on 6

r=0.82
r=0.8

<
o
=}
=}
=}

0.05 0.10 0.15 0.20 0.05 0.10 0.15 0.20 0.25 0.3
Admin Data Contribution Rate Admin Data Contribution Rate

(a) 50% match up to 6% (b) 100% match up to 6%

Notes: This figure uses samples of individuals who, in reality, have match formulas of 50% up to 6% of
their pay (panel (a)), and have a match of 50% up to 6% of their pay (panel (b)). The figures compare
their actual saving, measured in administrative data, with their hypothetical saving under their actual
plan, as measured in the survey.

4.3 Survey Evidence on Saving Responses

Before using the survey responses to calibrate our model, we present initial evidence on the

economic mechanisms reflected in the survey data.

Match incentives have a modest impact on saving Figure 6 illustrates how saving
responds to different match rates, either capped at 6% of pay (panel (a)) or offered without
a cap (panel (b)). In each case, we show the average increase in saving relative to the no-
match baseline. Under the capped plans, a 25% match up to 6% of pay increases saving
by about 1 percentage point; a 50% match yields 1.3pp in extra saving, and a 100% match
increases saving by approximately 1.7 percentage points. The unlimited match plans generate
substantially larger responses, with treatment effects of 1.9 and 4.8 percentage points for 25%

and 100% match rates, respectively.

Low match rates provide better bang per buck than high match rates These
patterns suggest that while saving is responsive to the presence of a match, the elasticity
with respect to the match rate is modest. Table 2 illustrates this point. For both capped and
uncapped matches, it reports the treatment effects (from Figure 6), the implied employer
cost, and the cost per percentage point increase in employee saving. If the goal is to encourage
saving, lower match rates deliver substantially greater value per dollar spent. Under the
unlimited match, for example, it costs 1.5% of payroll to generate a one percentage point
increase in saving using a 25% match rate. In contrast, it costs 2.9% of payroll to achieve

the same effect using a 100% match.

14



Figure 6: Survey Treatment-Effect Predictions Under Two Incentive Structures
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Notes: Panel (a) shows the estimated average treatment effect of the introduction of matching up to
6% of Treatment Effect, Cost , at different rates (given on the vertical axis). This is calculated as the
average difference between saving under the match and saving under no match. Panel (b) shows the
estimated average treatment effect of the introduction of unlimited matching, at different rates (given
on the vertical axis). This is calculated as the average difference between saving under the match and
saving under no match.

Table 2: Treatment Effect, Cost, and Cost Per Percentage Point of Treatment Effect

(a) Match up to 6% (b) Unlimited Match
Employee savings Cost Cost per p.p. | Employee savings Cost Cost per p.p.
increase (p.p.) increase increase (p.p.) increase
25% Match 1.0 1.4 1.3 1.9 2.8 1.5
50% Match 1.3 2.8 2.1 2.7 6.0 2.2
100% Match 1.7 5.6 3.3 4.8 14.1 2.9

Notes: This table shows the estimated effect on employee saving of the introduction of a match formula.
Panel (a) gives the effect of matching, at a rate given in the first column, up to 6% of pay. Panel (b)
gives the effect of matching, at a rate given in the first column, of any saving the employee does, up to
100% of their pay. The first column in each panel gives the mean treatment effect, calculated as the
average difference between saving under the match and saving under no match. The second column in
each panel gives the cost of the introduction as a proportion of payroll. The third column is the cost
per percentage point of additional saving, calculated by dividing column (2) by column (1).

Wealth effects from non-elective contributions are small Many firms offer both
matching and non-elective contributions to employee 401(k) accounts. Non-elective contri-
butions do not affect the marginal return to saving, but they do increase wealth, which
could, in principle, cause employees to reduce their own contributions. Our model assumes
no such crowd-out. To test this assumption empirically, we present three pieces of evidence:
(i) responses to one of our survey counterfactuals, (ii) panel regressions with participant
fixed effects in the administrative data, and (iii) an event study exploiting large changes in
non-elective contributions in selected plans.

First, we examine how much additional self-reported contributions change (relative to

15



the no-match case) when the employer contributes 10% of pay as a non-elective contribution
in one of our survey vignette. Figure 7 shows the distribution of changes in employee
contributions, expressed as a share of the employer contribution that is crowded out. For
the vast majority of respondents, the non-elective contribution has little to no effect on
employee self-reported contribution preferences. The median crowd-out is zero, and even at
the 10th percentile, only 20% (or 2 percentage points) of the employer contribution is offset.
The mean effect is slightly positive, driven by a few respondents who report increasing their
employee saving in response to the non-elective contributions. We interpret these results
as evidence that wealth effects are small and that non-elective contributions have minimal
impact on stated saving behavior.

We next examine evidence in our administrative data. Using a longitudinal panel of plan
participants from 2014-2023, we select a 1% random sample of plan participants. Table 3
presents regression estimates indicating that any wealth effects from non-elective contribu-
tions are economically negligible and statistically indistinguishable from zero. Our speci-
fication includes participant fixed effects to absorb time-invariant heterogeneity in saving
behavior, along with year fixed effects and standard demographic controls. The resulting co-
efficient is —0.001 (SE = 0.003), meaning that even a sizable 10 p.p. increase in non-elective
contributions predicts only a 0.01 p.p. reduction in employees’ voluntary contribution rates.
While the analysis is correlational, the administrative evidence is consistent with our survey
results and suggests that non-elective employer contributions do not crowd out participant
saving in practice.

Finally, we leverage plan-level events in which non-elective contribution rates change
sharply. Figure 8a plots the time series of non-elective and employee contribution rates
for the six largest affected experiencing such changes. These plans exhibit large, discrete
jumps in non-elective contribution rates. For instance, Plan C raised its average non-elective
contribution rate from 0 to 5 p.p. of salary in 2012. Despite these sharp increases, employee
contributions remain on a stable trend, showing no discernible break and no evidence of
crowd-out. Because these non-elective increases occur in different calendar years across
plans, we exploit this staggered timing using a difference-in-differences event-study design.
Figure 8b reports the estimated coefficients from a specification with participant fixed effects
and demographic controls (age, income, and tenure). The estimates show no pre-trend and
only very small, if anything positive, changes in saving behavior following an increase in
non-elective contributions. Across these three analyses, we find no evidence that employer

non-elective contributions crowd out participants’ voluntary saving.
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Figure 7: Change in contribution with introduction of 10% non-elective contribution
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Notes: This figure illustrates the estimated treatment effect arising from the introduction of a 10% non-
elective contribution. We estimate a crowd-out parameter that is change in employee elections, divided
by 10. The distribution is summarized in the table.

Table 3: Non-elective Contribution Rate FE Regression

Dependent variable:

Administrative Contribution Rate

(1) (2) (3)

Non-elective Rate —0.001  —0.0004 —0.001
(0.003) (0.003) (0.003)
Participant FE No Yes Yes
Year FE No Yes Yes
Demographic Controls No No Yes
Observations 493,991 493,991 493,991
Note: p<0.1; *p<0.05; **p<0.01

Notes: This table reports estimates from linear regressions of participants’ voluntary contribution rates
on employer non-elective contribution rates, using a 1% random sample from the 2014-2023 administra-
tive panel. Column (1) reports the baseline specification with only the non-elective rate. Column (2)
adds participant fixed effects and year fixed effects. Column (3) further includes demographic controls
(log income, age, and tenure quadratic) and contribution-formula fixed effects.
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Figure 8: Changes in non-elective contribution rates
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Notes: Panel (a) displays the time series of non-elective contribution rates and employee contribution
rates for six large plans that experienced substantial changes in non-elective contributions at different
points in time. Panel (b) presents the corresponding event-study coefficients from a staggered difference-
in-differences model that incorporates participant fixed effects and demographic controls (age, income,
and tenure). The estimates indicate no detectable pre-trend and only small positive post-event responses,
suggesting that increases in employer non-elective contributions crowd out participants’ voluntary saving.
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5 Putting the Model to Work

5.1 Implementation

Our survey data provide two key reference points for each respondent: how much they would
save if the employer offered no match, and how much they would save if the employer offered
an unlimited match at different rates. We denote saving in the no-match case as SN° Match,
and saving under an unlimited 50% match as SFull Mateh = While we focus here on the 50%
case for concreteness, the same reasoning applies to the 25% and 100% match rates.

The idea is straightforward. Knowing how someone saves with no incentive and how they
save with a very strong incentive allows us to predict their behavior under any intermediate
incentive. Using SNoMatch apq SFull Match © e apply equations (2)—(4) to estimate saving
under a 50% match with any cap on matched contributions.* This approach allows us to
map from the responses to a small number of hypothetical scenarios to predicted behavior
under the much larger space of possible plan designs.

In Table 4, we illustrate the prediction process with three hypothetical respondents,
labelled A, B, and C. For each, we show their stated saving under a no-match plan and

under an unlimited 50% match. We then use the model to predict how much they would

save under a plan offering a 50% match up to 6% of pay.

e Respondent A saves nothing with no match and 3% with an unlimited 50% match.
Because their saving under the unlimited match is below the 6% cap, the capped match
is equivalent to the unlimited one, and the model predicts they would also save 3%

under the capped plan.

e Respondent B saves 6% without a match and 9% with an unlimited match. Under
the 50% match up to 6%, they would already be at the cap in the no-match case, so
the model predicts they would bunch at 6%.

e Respondent C saves below the cap with no match (3%) and above it with an unlimited
match (9%). In this case, the capped match increases their contributions, but only up

to the 6% limit, so the model again predicts bunching at 6%.

5.2 Model Internal validation

We validate the model’s predictions using internal survey data for the one-tier concave match
vignettes (25%, 50%, and 100% matches up to 6%).

4 Appendix A.3 shows how the same approach extends to plans with two-tier match structures.
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Table 4: Prediction Examples under 50% on 6%

Person | Survey reported saving under... | Prediction
...no match ...unlimited match

A 0 3 3

B 6 9 6

C 3 9 6

Notes: The table shows predicted contributions for three survey responses, comparing ”No Match” and
”Full Match 50%” scenarios, with the prediction under a 50% match on 6%.

Panel (a) of Figure 9 shows that predicted and actual saving levels align closely, with

median responses tracking the 45-degree line. Panel (b) evaluates predictions of treatment
effects—saving under the match formula minus saving in the no-match vignette—which will

be central to our optimality analysis. Predicted and actual treatment effects match well at

the median, though dispersion is greater at the upper end of the distribution.

These patterns suggest that the model predicts both levels and treatment effects with

sufficient accuracy to support the counterfactual exercises that follow.

Figure 9: Comparison of hypothetical contribution and model-predicted outcomes
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Notes: Figure (a) compares respondents’ response to a questions which asks them their hypothethical
contribution under one of three formulas (25% up to 6%, 50% up to 6%, and 100% up to 6%), to the
model predicted amount that they would save under that match. Figure (b) uses the same sample,
but compares the treatment effect estimated by compare answers to saving under hypothetical match
formulas to treatment effects estimated using the model.

5.3 Validation against Administrative Data

We next compare the model’s predictions to administrative records of actual contribution
rates.
The analysis focuses on the 1,085 respondents (65% of the sample) whose real-world

plans are simple one-tier or two-tier matches with caps below 8%. Figure 10 plots the
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distribution of model predictions against the observed administrative contribution rates.
Median predictions track the 45-degree line closely, indicating good alignment in central
tendency. Dispersion is greater than in the survey validation, with noise increasing at very
high contribution levels. Nonetheless, both the 25th and 75th prediction percentiles rise
systematically with observed contribution rates.

These results suggest that the model captures broad patterns in real-world saving behav-
ior, while being less precise at the extremes.

As a more formal test, Table 5 reports regressions of administrative contribution rates on
our predicted rates, with alternative sets of controls. The results show that administrative
rates rise nearly one-for-one with predicted rates, and the R? values are high—between 0.46
and 0.48. Most of the explained variance comes from the prediction algorithm itself. The
coefficient on the predicted rate remains large and statistically significant even after adding
the two survey measures used in the prediction, as well as a range of demographic variables
known to correlate with saving.

We conclude that the model’s predictions are strongly correlated with observed contri-
bution rates, explaining roughly half of their variance. The predictive power is not simply
due to the survey inputs or demographics alone, but reflects additional structure captured
by the model.

Figure 10: Model Prediction of Current Administrative Plan Saving Decision
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Notes: This figure compares respondents’ saving as measured int he administrative data (on the hori-
zontal axis), with the model-predicted contribution that they would do under their observed plan (on
the vertical axis).

Finally, we assess the extent to which our predicted algorithm used on our sample of plan

participants can replicate plan-level distributions of contributions. Our ability to match real-
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Figure 11: Predicted Distributions under Two Match Formulas
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Notes: These figures compares, for two specific plans, distributions of saving in the administrative
data, with model predicted distributions under such a plan. We weight survey responses to match
demographics in the administrative data.

world contribution distributions depends on both the accuracy of the prediction algorithm
and the representativeness of our sample data. We demonstrate that by appropriately re-
weighting for observable demographics, we can capture the key features of contribution
distributions under alternative formulas.

To achieve this, we use a post-stratification weighting procedure that adjusts survey
responses to align with known characteristics of the target plan population. We divide
both the survey sample and the administrative target population into mutually exclusive
strata based on age and income bins, creating a two-dimensional stratification matrix that
reflects the joint distribution of these demographic characteristics. For each age-income
stratum, we calculate the proportion of observations in both the survey sample and the
administrative data, then derive stratification weights as the ratio of the administrative
share to the sample share. Each survey observation is assigned the weight corresponding to
its age-income combination.

Figure 11 shows the administrative distribution of contributions alongside our reweighted
distribution of predicted rates for two plan formulas: 50% on 6% and 100% on 6%. We cap-
ture the main features of the administrative distribution, including the peak at the 6% cap.
The predicted distribution exhibits higher levels of bunching at the peak and at multiples
of 10% (e.g., 10%, 15%), which is a known feature of survey respondent data. Despite this
bunching, we accurately match the mean, median, and the 25th and 75th percentiles of the
distribution, as shown in the tables within each plot. From this exercise, we conclude that
our prediction algorithm, combined with proper reweighting of our survey data, is able to

reproduce the distribution of real-world contributions under alternative matching formulas.
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Table 5: Model Predictive Power

Dependent variable:

Administrative Contribution Rate

(1) (2) (3)

Predicted Rate ~ 0.906***  1.033*** 1.001***
(0.030) (0.161) (0.160)

Full Match 0.127*** 0.126***
(0.030) (0.030)

No Match —0.216 —0.215
(0.142) (0.142)

Log Income 0.616**
(0.256)
Age —0.304*
(0.133)

Age? 0.003***
(0.001)

Tenure —0.018
(0.057)

Tenure? 0.001
(0.001)

Observations 1,085 1,085 1,085
R? 0.464 0.475 0.485

Note: *p<0.1; *p<0.05; **p<0.01

Notes: This table reports the results of linear regressions of the contribution rate observed in the
administrative data on the model-predicted values. Column (1) includes on a constant and the predicted
rate. Column (2) includes the answers to the questions which are used to estimate the model. Column

(3) additionally includes demographics.
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6 Are plan formulas on the equity efficiency frontier?

Our normative analysis begins with the assumption, commonly adopted in theoretical anal-
yses of optimal retirement systems (starting with Diamond (1977)), that the social planner
values both increased retirement saving and a more equal distribution of employer contribu-
tions. These two goals reflect the dual objectives of efficiency (encouraging greater saving)
and equity (reducing inequality).

Using our survey data and model, we can predict employee saving behavior under any
match formula. Using these predictions, we can evaluate the equity and efficiency properties
of all possible match formulas. We focus on one measure of efficiency: the increase in
employee saving relative to a no-match scenario. For equity, our primary measure is the
coefficient of variation in total employer contributions. Motivated by the fact that those
with lower incomes are less likely to take up the match under the status quo, we also show
the covariance between income and employer contributions.

Figure 12 shows the equity and efficiency outcomes for the set of plans that meet three
criteria: they cost the employer 6 percent of payroll, include either one or two tiers, and
have a match rate that does not increase with employee contributions.

Two key patterns emerge from the figure. First, there is a clear equity-efficiency trade-
off in match design: along the frontier, holding employer cost constant, increasing employee
saving requires accepting greater inequality in employer contributions. Second, many existing
plans are strictly dominated in the sense that there are alternative plans that (i) cost the
same, (ii) generate higher employee saving, and (iii) yield more equitable distributions of

employer contributions.

6.1 Characterizing the Efficient Frontier

To characterize the properties of plans on the frontier, we begin with single tier plans, defined
as those with a constant match rate up to a cap, and restrict attention to plans that cost
6% of payroll (i.e., the maximum cost of the most common formula in our sample: 100%
match up to 6%). We consider a wide range of caps for each of three match rates (25%,
50%, and 100%). For each plan, we set the non-elective contribution so that, given the
match rate and the saving behavior it induces, total employer cost equals 6% of payroll. We
group the resulting plans into six categories, based on the match rate and whether the cap is
above or below 5% of pay. Figure 13 plots the equity and efficiency of all plans, with colors
indicating group membership. Average non-elective contributions for each group are shown
in the legend and illustrate the fact that, holding cost constant, the higher the match rate,

and the higher the cap, the lower is the non-elective contribution.
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Figure 12: Equity-Efficiency Frontier under Two Equity Measures
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Notes: These figures illustrate the equity and efficiency characteristics of the set of plans which cost 6%
of payroll, are either single tier or two tier, and have a match rate that is non-increasing in employee
contribution. In both panels, efficiency is measured using the increase in employee saving. In panel (a)
the the equity dimension is represented using the coefficient of employer contributions. In panel (b) the
equity dimension is represented using the covariance of employer contribution rate and income.

The figure shows that plans with lower match rates tend to lie on the frontier, while
those with higher match rates are often dominated. This normative result follows from the
positive finding that saving is inelastic with respect to the match rate. Holding total cost
fixed, higher match rates allocate more dollars to infra-marginal savers (individuals who
would have contributed even without the incentive) and therefore generate little additional
saving. These plans are also more expensive, leaving less room in the budget for non-elective
contributions that help reduce inequality. In contrast, lower match rates can be applied over
a broader contribution range, directing fewer dollars to infra-marginal savers. As a result,
they are more cost-effective and leave more budget available for non-elective contributions
that mitigate inequality.

The level of the cap determines where a plan falls along the frontier, or, more generally,
along the ray from the origin defined by its match rate. Holding the match rate fixed, increas-
ing the cap allows the match to apply over a broader contribution range, which generates
more marginal saving. However, it also increases inequality in employer contributions.

Figure 14 compares single tier plans, which apply a constant match rate up to a cap, with
two tier plans, which apply a higher match rate on initial contributions and a lower rate on
contributions beyond a threshold. Most single tier plans on the frontier are dominated by
a two tier alternative. This is unsurprising, as two tier plans introduce two additional pa-
rameters (a second match rate and a second cap) which provide greater flexibility. However,
as we document below, the efficiency and equity gains are often modest, and two tier plans
come at the cost of added complexity. The two tier plans on the frontier exhibit the same

patterns as the single tier plans: those with lower match rates tend to dominate those with
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higher match rates. For example, a plan that matches 50% up to a first cap and 25% beyond
that will often dominate a plan that matches 100% up to a first cap and 50% beyond. As

before, the level of the caps determines where the plan lies along the frontier.

Additional employee saving

Additional employee saving

Figure 13: Frontier Characterization under Two Equity Metrics for Single-Tier Plans
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Notes: These figures illustrate the equity and efficiency characteristics of the set of single tier plans
which cost 6% of payroll. In both panels, efficiency is measured using the increase in employee saving.
In panel (a) the the equity dimension is represented using the coefficient of employer contributions. In
panel (b) the equity dimension is represented using the covariance of employer contribution rate and
income. Plans are distinguished their match rate (25%, 50%, or 100%), and whether the cap is high or
low (resp. above or below 5% of pay); giving six groups in total. The payroll budget is balanced using
non-elective contributions. Average non-elective contributions in each group are given in the legend.
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Figure 14: Comparing Single and Two Tier Plans
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Notes: These figures illustrate the equity and efficiency characteristics of the set of plans which cost 6%
of payroll, are either single tier or two tier, and have a match rate that is non-increasing in employee
contribution. In both panels, efficiency is measured using the increase in employee saving. In panel (a)
the the equity dimension is represented using the coefficient of employer contributions. In panel (b) the
equity dimension is represented using the covariance of employer contribution rate and income. Plans
are distinguished by whether they are single tier or have two tier.
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6.2 Moving to the frontier for the most common plans

We have shown that many plan formulas are dominated, in the sense that cost-neutral reforms
could generate higher saving without increasing inequality in employer contributions. We
now ask whether such dominated plans are actually observed in practice.

The most common plan in our data offers a 100% match on contributions up to 5% of
pay. Using our model, we identify all single and two tier plans that are equally costly to the
firm and compute, for each, the resulting increase in saving (relative to no match) and the
coefficient of variation in employer contributions. Figure 15 plots these outcomes. The blue
triangle represents the 100% match up to 5% plan, which lies well inside the frontier.

We highlight four alternative plans. The red square shows the plan that minimizes
inequality, subject to achieving at least as much saving as the current plan. The red diamond
shows the plan that maximizes saving, subject to no increase in the coefficient of variation
in employer contributions. The orange markers show the analogous optima when we restrict
attention to single tier plans.

The optimal plans have lower match rates and higher caps, and they balance the bud-
get with non-elective contributions. The saving-maximizing double (single) tier increases
employee contributions by 52% (36%) from a baseline of about 0.6 percentage points. The
inequality-minimizing double (single) tier reduces the coefficient of variation in employer
contributions by 46% (34%). Figure 16 shows a similar exercise for the covariance equity
measure: the optimal plan in that case is also characterized by lower match rates, higher
caps, and non-elective contributions.

We can extend this analysis beyond the single most common plan. Table 6 reports the
gains from moving the five most common plans in our data to their cost-equivalent, dominat-
ing alternatives, showing both the increase in employee saving and the reduction in inequality
in employer contributions. Appendix Table 7 presents the corresponding results for the 25
most common plans,® revealing a similar pattern. Most of these widely used plans lie well
inside the efficiency—equity frontier. Averaging across all plans, we estimate that replacing
each with its identified dominating alternative would increase average employee contributions
by more than 50%, without raising employer costs or increasing inequality. Alternatively,
moving all plans to the frontier could reduce inequality in employer contributions, measured
by the coefficient of variation, by nearly 40%, again without reducing voluntary saving or

increasing costs.

5 Appendix Table 8 shows the results when counterfactuals are restricted to single tier plans.
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Figure 15: Moving to the frontier for plans which have a 100% up to 5%
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Notes: This figure shows the set of equity and efficiency characteristics for the set of plans which are
as costly as the most common plan: 100% up to 5% of pay. We show four alternative plans. We
show the double tier and single tier plans which maximizes employee saving, subject to no increase in
inequality. These are the red and blue diamonds. We also show the double tier and single tier plans which
minimize inequality, subject to no decrease in employee saving. These are the red and blue squares. The
characteristics of plans which achieve these frontier points, as well as the changes in equity and efficiency
they generate are given in the legend.

Table 6: The effect of moving to the frontier two tiers: five most common plans

Minimize Inequality (CV)

Maximize Employee Savings (TE)

Current Plan O[}))tlgﬁal 01[\)%%&1 Change CV Ogtllarﬁal Ogtérgal Change TE
100-5-0-0 50-1-25-6.75 3.1 -0.57 50-2-25-9.75 2.4 0.42
100-3-50-5 50-1-25-6.25 2.2 -0.46 50-1-25-8.75 1.8 0.37
100-6-0-0 50-2-25-7.75 3.5 -0.62 50-2-25-13.5 3 0.39
50-6-0-0 50-1-25-6.5 1.1 -0.37 50-1-25-8.5 0.8 0.29
100-1-50-6 50-1-25-7.5 1.4 -0.21 50-1-25-8.75 1.2 0.14

Notes: This table shows, for the five most common plans, the counterfactual plan (wether it is it single
tier or double tier) which are equally costly and either minimize inequality (subject to no fall in employee
saving), or maximize saving (subject to no increase in inequality). See Appendix Table 7 for further

plans.
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Figure 16: Moving to the frontier for plans which have a 100% up to 5%
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7 Conclusion

This paper develops a framework for evaluating 401 (k) match formulas that combine a simple
economic model with purpose-built survey data. We show that survey responses to hypothet-
ical scenarios can accurately predict saving behavior under both observed and counterfactual
plan designs. Using this approach, we estimate saving responses to a wide range of match
schedules, including those not observed in reality, and trace out their implications for both
efficiency and equity. Our findings highlight a central trade-off in plan design: increasing
saving often requires accepting greater inequality in employer contributions.
Notwithstanding the fact that there is a trade-off in plan design between equity and
efficiency, we find that many plans, including the most common plans in our administrative
data, and several which have safe-harbor status lie well inside the frontier. More saving,
and lower inequality in employer contribution rates are attainable within existing budget
constraints. This points to the value of incorporating both normative and predictive tools

into retirement plan evaluation.
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A Model Appendix

A.1 Saving under convex formulas

A similar approach can be taken with convex formulas, in which the matching rate increases
with saving. Consider the following match formula in which provide no employer match up
to a floor and then matches saving at rate m on all saving above the floor.

M(S) = m - max(S — S%°°", 0) (5)

We can again distinguish between three cases.

1. Low Saver: SFull Match g, . That is, even with an unlimited match, agent i would
save less than the the point at which the match kicks in. Because the introduction of
the match doesn’t change their marginal incentive to save, their behavior under the
partial convex match is that which would hold in the No Match case:

SPartial Match __ SNO Match

Figure 17a illustrates this case.

2. High Saver: SNeMatch » g, . That is, the agent would exceed the floor even without
a match. Since the marginal incentive from matching is the same here as in the Full
Match case, the agent saves as they would in that case:

S«Partial Match — SFull Match

See Figure 17b.

3. Medium Saver: STl Match ~ g. ' but SNo Match g, . That is, under a full match
the agent would save more than the match floor, but without any match they would
save less than it.

The agent’s optimal saving depends on whether the additional utility from crossing the
floor and accessing the match outweighs the utility loss from lower current consumption.
There are two possible outcomes:

e If the gain from the match is sufficiently strong, the agent will increase saving
above the floor. Once they have done this, their optimal level of saving will be
pinned down by their choice under the full match:

GPartial Match
S > SFull Match

See Figure 17c.

e [f the match is not attractive enough to offset the required cut in consumption,
the agent will ignore the match and save as in the No Match case:

SPartlal Match — SNo Match
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See Figure 17d.

There will be some threshold of saving propensities (o; in the utility function, or
equivalently some saving level in the 'No Match cases’) which will separate the two
cases. Unlike the concave case, where bunching at a cap is optimal, we predict no
bunching at the convex kink. The prediction depends on how far SN° Mateh Jieg helow
Sﬂoor'

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Consumption Consumption

(a) Low Saver (b) High Saver

0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Consumption Consumption

(c) Medium Saver A (d) Median Saver B

——No Match Budget Constraint ® Data under No Match
—Full 50% Match Budget Constraint ® Data under Full 50% Match
Convex Match Budget Constraint ¥ Prediction under Convex Match

Figure 17: Model Predictions for one-tier convex match formulas

A.2 Proof cases for concave one-tier match formula
A.2.1 Case 1: Low Saver

Assumption: SFull Match < §cap
Claim: S’Partial Match _ GFull Match

Proof: Under a full match (M(S) = m.S), the problem becomes:

max a; In(Y —=95)+(1+m)S
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The first-order condition (FOC) is:

Q5

_ Q; +<1+m):0:>SF‘ullMatchzy_
I+m

Y-S

Since SFull Match  geap the cap is non-binding, and the match structure is locally identical

to full match. Therefore,
SPartial Match __ SFull Match

A.2.2 Case 2: Medium Saver

Assumptions: SFull Match ~ geap = 5yyq GNo Match: - Geap
Claim: SPartial Match __ geap

Proof:

e Under no match:

max a; In(Y — S) + 8§ = sNeMatch =y _ g,

e Under partial match:
msS if § < 5P

M(S) =
(5) {mscap it S > 5P

For S < S5 FOC:

Q;

& (14+m)=0=S=Y—
1+m

Y-S

But this implies S > 5°P, violating the domain.
For S > S°P FOC:

—YOES+1ZO:S:Y—ai:SNOMat°h<Scap

So neither interior solution is feasible.

e Therefore, optimal choice is at the kink point, S = 5P.

A.2.3 Case 3: High Saver

Assumption: SNo Match ~ geap
Claim: S’Partial Match _ SNO Match

Proof:

e For S > S°P match is constant: M (S) = mSe®P
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e Utility becomes:

mgxozﬂn(Y—S)%—S%—mScap:>FOC: - Y%S+1:0:>S:Y—ai:SN°Mmh

e Since SNeMatch ~ geap thig golution is feasible under the cap.

A.3 Predicting Saving under General Match Formulas

The logic developed above generalizes beyond the one-tier match case. Suppose we can
observe how an individual saves under each constant rate of return that appears in a given
match formula. Then, using a piecewise model of the match and the structure of quasilinear
utility, we can determine which piece binds and infer optimal saving under the full, non-linear
formula.

Concave multi-tier match formulas. Consider a match formula that pays 100% on
saving up to level S;, and 25% on saving between S; and Ss:

myS if § <5
M(S)I m151+m2(5—51) if S1 <85 <8,
m151 + m2<52 — Sl) if S > SQ
Suppose we observe:

o SNoMatch: the gaving under no match (0% return),
e S™2: the saving under a uniform match at rate mso,

e S™: the saving under a uniform match at rate m;.
Then we can apply the same three-case logic to each segment:
o If S™2 < 51, the my tier never binds, so the agent saves S™2.

o If S™ > S but ™2 < S, then S is a kink, and the individual will bunch there.

o If GNoMatch ~ G, “the cap is irrelevant and the agent saves as under no match.

Thus:
Sme if S™2 < Sl
SPartial Match __ Sl if §m1 > Sl and 9™ < Sl

SNO Match if SNO Match > SQ

Convex match formulas. Now consider a match formula in which the matching rate
increases with saving. For example:

0 it § <5
M(S): ml(S—Sl) 1f51<5§52
ml(Sg — Sl) + mg(S — SQ) if S > SQ
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Suppose we observe:

° SNO Match
e S™
o Sz

Then we can again apply threshold comparisons:

o If S < Sy, the agent never reaches the match region: save as under no match.
o If GNoMatch ~ G, “the agent fully engages with the highest tier: save as under mo.

o If S™2 > G, but SNoMatch G “then prediction depends on how far SN° Mateh Jieg from
S1, as in the one-tier convex medium saver case.

This logic holds because, with quasilinear utility, the marginal return to saving fully
determines the agent’s optimal choice. and at each segment, that marginal return is known.
With observed behavior under each constant return that features in the match formula, we
can recover the necessary first-order conditions to predict saving under the full formula.

B Additional Exhibits
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Figure 18: Test and Retest Responses to Saving Under No Match
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Table 7: Moving to the frontier two tiers

CV Minimum TE Maximum

Current Plan Ollg)tl;n;al Olf\)l‘%rgal Change CV Ogﬁlgﬁal 0113]‘01;%&1 Change TE
100-5-0-0 50-1-25-6.75 3.1 -0.57 50-2-25-9.75 2.4 0.42
100-3-50-5 50-1-25-6.25 2.2 -0.46 50-1-25-8.75 1.8 0.37
100-6-0-0 50-2-25-7.75 3.5 -0.62 50-2-25-13.5 3 0.39
50-6-0-0 50-1-25-6.5 1.1 -0.37 50-1-25-8.5 0.8 0.29
100-1-50-6 50-1-25-7.5 1.4 -0.21 50-1-25-8.75 1.2 0.14
100-1.25-0-0 25-1.75-0-0 0.8 -0.58 50-1-25-2.25 0.5 0.94
100-4-0-0 50-1-25-4.75 2.5 -0.71 50-2-25-7.75 1.8 0.6
50-8-0-0 50-2-25-9.25 1.1 -0.32 50-2-25-12.5 0.8 0.2
50-4-0-0 50-1-25-3.75 0.8 -0.43 50-1-25-5.25 0.5 0.33
100-3-50-6 50-1-25-7.5 24 -0.41 50-2-25-9.75 1.8 0.26
100-3-0-0 50-1-25-3 2 -0.81 50-1-25-6 1.4 0.7
25-4-0-0 50-1-25-2.5 0.1 -0.37 50-1-25-2.75 0 0.11
100-4-50-6 50-1-25-7.5 2.8 -0.54 50-2-25-11.5 2.1 0.34
50-10-0-0 50-2-25-14.25 1.3 -0.21 25-18.5-0-0 1.5 0.2
100-8.5-0-0 25-17.5-0-0 5.2 -0.36 100-1-50-12.75 2.5 0.18
100-8-0-0 25-16.5-0-0 4.9 -0.32 25-20-0-0 4.7 0.2
100-2-50-6 50-1-25-7.5 1.9 -0.29 50-1-25-9.25 1.7 0.18
50-5-0-0 50-1-25-5 0.9 -0.42 50-1-25-6.75 0.6 0.34
100-5-50-6 50-1-25-7.75 3.3 -0.61 50-2-25-12.75 2.5 0.37
50-7-0-0 50-1-25-7.75 1.2 -0.38 50-2-25-9.75 0.7 0.24
25-6-0-0 50-1-25-4.5 0 -0.32 - - 0
100-4-50-8 50-2-25-12.25 2.8 -0.24 25-16.25-0-0 3 0.19
100-3-50-7 50-2-25-9.25 2.2 -0.29 50-2-25-11.75 2 0.16
100-9-0-0 25-19.5-0-0 5.4 -0.36 100-1-50-13.75 2.7 0.16
25-12-0-0 - - 0 - - 0
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Table 8: Moving to the frontier with single-tier plans

CV Minimum TE Maximum

Current Plan O%ﬁ;ﬁal Olli%%al Change CV Ogcll;llal Oll\)%réal Change TE
100-5-0-0 25-8-0-0 3.2 -0.37 25-10.75-0-0 2.8 0.31
100-3-50-5 25-7.75-0-0 2.2 -0.21 25-9-0-0 2 0.19
100-6-0-0 25-10-0-0 3.7 -0.35 25-14-0-0 34 0.35
50-6-0-0 25-8-0-0 1.1 -0.12 25-8.75-0-0 1 0.09
100-1-50-6 - - 0 - - 0
100-1.25-0-0 25-1.75-0-0 0.8 -0.58 25-2.75-0-0 0.6 0.58
100-4-0-0 25-6.5-0-0 2.5 -0.35 25-8-0-0 2.2 0.38
50-8-0-0 25-11.25-0-0 1.4 -0.15 25-12.75-0-0 1.3 0.13
50-4-0-0 - - 0 - - 0
100-3-50-6 25-9.5-0-0 2.4 -0.13 25-10.5-0-0 2.2 0.11
100-3-0-0 25-4.75-0-0 1.8 -0.38 25-6.25-0-0 1.6 0.39
25-4-0-0 - - 0 - - 0
100-4-50-6 25-9.5-0-0 2.8 -0.25 25-11.75-0-0 2.6 0.26
50-10-0-0 25-15-0-0 1.7 -0.19 25-18.5-0-0 1.5 0.2
100-8.5-0-0 25-17.5-0-0 5.2 -0.36 25-20-0-0 5.1 0.14
100-8-0-0 25-16.5-0-0 4.9 -0.32 25-20-0-0 4.7 0.2
100-2-50-6 25-9.5-0-0 1.9 0 - - 0
50-5-0-0 25-6.75-0-0 0.9 -0.08 25-7-0-0 0.9 0.1
100-5-50-6 25-9.75-0-0 3.2 -0.33 25-13.25-0-0 2.9 0.32
50-7-0-0 25-9.5-0-0 1.2 -0.13 25-10.5-0-0 1.1 0.09
25-6-0-0 - - 0 - - 0
100-4-50-8 25-13.5-0-0 3.2 -0.18 25-16.25-0-0 3 0.19
100-3-50-7 25-11.25-0-0 2.5 -0.12 25-12.5-0-0 24 0.1
100-9-0-0 25-19.5-0-0 5.4 -0.36 50-14-0-0 3.2 0.09
25-12-0-0 - - 0 - - 0
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