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Abstract

Higher retirement savings might not translate into net wealth accumulation if, rather
than cutting spending, individuals reduce their non-retirement savings or take on more
debt. We use newly merged deposit-, credit-, and pension-account data from a large
UK financial institution to examine a national policy that gradually increased retire-
ment contributions from 2% to 8% of salary between March 2018 and April 2019. For
every £1 reduction in take-home pay due to higher employee contributions, employees
cut their spending by £0.34, especially in the restaurant and leisure categories, and
financed the remainder with lower deposit balances and higher debt. Those with lower
initial deposit balances cut their spending the most, while those with significant liquid
savings first draw down their deposits. We use a lifecycle model calibrated to match the
observed short-term responses to predict that long-run spending responses are larger
but feature similar heterogeneity. Finally, we examine the welfare consequences of po-
tential policy reforms using a sufficient statistics approach. A social planner concerned
about undersaving for retirement due to heterogeneous present bias would avoid tar-
geting retirement interventions at high-liquidity individuals, who are both less likely to
cut their spending and less likely to be present-biased.
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1 Introduction

Governments around the world are heavily invested in promoting contributions to retirement
plans, employing methods from mandatory savings such as social security programs, finan-
cial incentives such as tax advantages and matching schemes, and behavioral interventions
such as automatic enrollment. While a rich literature has studied the effects of such policies
on savings inside retirement accounts, much less known is whether and how higher contri-
butions to retirement accounts affect net wealth accumulation and welfare. Answering this
question requires knowing how consumers react to higher retirement contributions and the
accompanying reduction in their disposable income. If consumers respond by cutting their
spending, increasing retirement contributions can significantly boost total savings, aligning
with policymakers’ objective of increasing total resources available in retirement. However,
if consumers cope with lower take-home pay by increasing borrowing or reducing other forms
of savings, higher retirement contributions may not increase overall savings and even leave
some consumers with a higher debt burden and more financially vulnerable.

In this paper, we first characterize in a theoretical model the welfare consequences of
policies aimed at promoting retirement savings. We show that when the social planner
is concerned about undersaving for retirement—for instance due to present bias—the con-
sumption response to the policy is a sufficient statistic for welfare. Consistent with models
in behavioral public finance (Allcott et al., 2022), we demonstrate that a policy’s average
treatment effect on retirement savings, which is often used as a measure of an interven-
tion’s success, is a poor indicator for assessing welfare. Instead, judging a policy’s economic
efficiency depends on the covariances between retirement savings responses, consumption
responses, and the level of individuals’ undersaving bias. In particular, if the most patient
(least biased) individuals are also the ones whose contributions are most responsive to a
given incentive scheme, a policy that succeeds in increasing retirement contributions may
nonetheless reduce welfare.

Measuring these welfare-relevant elasticities and covariances requires comprehensive data
on consumption and savings along with retirement savings policy shocks. We use a new panel
dataset from a large UK financial institution created by merging retail deposit and credit
accounts with pension account data. We exploit two policy changes implemented as part
of the UK national auto-enrollment policy, which raised the minimum default combined
employee and employer contribution rate from 2% to 5% of salary in April 2018 and from
5% to 8%. This policy changed both the default contribution rate for employees as well as
the financial incentives for contributing: each step-up introduces a notch in the financial
incentives of retirement contributions. Employees cannot reduce their contribution below
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the minimum default and opting-out of participation leads to losing an increasingly large
employer contribution, which increased from a minimum of 1% to 2% of salary in April 2018
and to 3% of salary after April 2019.

This policy change was binding for some but not all employees and employers. This allows
us to compare the behavior of consumers affected and not-affected by this significant increase
in the minimum retirement contribution required to stay in the plan and benefit from the
employer contribution. We find that for every £1 decrease in monthly take-home pay induced
by the policy change, consumers respond by cutting their spending by £0.35 and financing
the remaining with lower deposit account balances and with higher credit card balances.
Overall, relatively discretionary non-durable spending, such as restaurants and leisure, are
the most elastic to the decrease in income net of pension contributions. We find evidence of
substantial treatment-effect heterogeneity. The most liquidity-constrained customers (i.e.,
those with lower deposit balances and high credit-card debt) cut their consumption the most.
In contrast, those with significant liquid savings finance the increased pension contributions
by running down their deposit balances. Finally, we simulate the long-run dynamics of
our treatment effects using a structural life-cycle model. From a policy perspective, our
results suggest that retirement interventions should target low-liquidity individuals (whose
spending is more elastic to increased retirement savings and who are likely to have higher
levels of undersaving or present bias). In contrast, interventions that increase the retirement
contributions of high-liquidity individuals are both less efficient (due to large crowd-out) and
more likely to be regressive.

How retirement saving policy affects total wealth accumulation has long interested re-
searchers, yet the empirical evidence is scarce.1 A limited literature has studied whether
forced savings—for example, from higher social security contributions—crowds out private
savings (Feldstein, 1974; Attanasio and Brugiavinni, 2003; Attanasio and Rohwedder, 2003).2

A notable exception is Chetty et al. (2014), who use comprehensive data from Denmark on
wealth, savings, and income to study how households react to increased employer pension
contributions and changes in mandated government savings. However, the discontinuity in
these mandated savings, which, unlike employer contributions, directly impact take-home
pay, was relatively modest, around 50 USD annually. We add to this existing empirical
evidence in two ways: (i) we can directly observe spending and spending categories in our

1Canonical papers documenting the effect of autoenrollment on within-retirement-plan savings include
Madrian and Shea (2001) and Choi et al. (2004; 2009). See Choukhmane (2023) and Choi et al. (2024) for
reevaluations.

2We note that a priori, even full crowd out has advantages and disadvantages. On the one hand, saving in
a tax-advantaged illiquid account has financial and behavioral benefits. On the other, the reduced liquidity
from saving in a retirement account relative to a deposit account could make vulnerable households less
resilient in the face of negative financial shocks.
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data, and (ii) we study a policy that caused a large decrease in take-home pay for workers.
Research on the effects of autoenrollment on unsecured borrowing is mixed, with Beshears
et al. (2022) finding limited effects of autoenrollment on unsecured debt for members of the
US military and Beshears et al. (2024) finding an increase in unsecured debt and mortgages
from autoenrollment in the UK. There is no current evidence on how spending and deposits
change in response to retirement savings.3

Answering these questions is usually complicated by two significant obstacles. First, it
is rare for analysts to simultaneously observe data on a worker’s income, pension, spending,
and liquid deposits to trace out the effects of increased pension contributions on a range of
financial behaviors. Without such data allowing for a holistic view of consumer behavior,
policymakers risk being unaware of significant side effects of pension regulations. As we
discuss below, a new database created by a large UK bank uniquely permits such joint
analysis. The second challenge is an empirical research strategy that permits characterizing
the causal effect of increased contributions on other financial outcomes. We exploit changes
in a national policy that changed the minimum default contributions but was binding only
for employers and employees who originally contributed less than the new minimum default
option.

The remainder of the paper is organized as follows. We present a sufficient statistics
approach to analyzing welfare in our context in Section 2, highlighting the important covari-
ances previously unknown to researchers. In section 3, we describe the bank data that facil-
itate our analysis. Section 4 explains the institutional setting and introduces our analytical
methodology. Section 5 presents our analysis of the effects of increased default contribution
rates on take-home pay and behavioral responses, respectively. Section 6 sketches a life-cycle
model to confirm that our quasi-experimental results hold in the model without selection and
simulate long-run effects. Section 7 concludes with a summary of our findings and returns
to the welfare framework introduced in Section 2 to highlight implications for policy.

2 Conceptual Framework

In this section, we outline a conceptual framework to motivate our approach and highlight
the necessary ingredients for welfare analysis missing from the literature and motivate our
empirical analysis. We adopt a behavioral public finance approach (Bernheim and Taubin-
sky, 2018), and in particular build on recent work by Allcott et al. (2022). We consider
a two-period utility maximization problem with consumer i maximizes utility by choos-

3Outside of the retirement saving setting, Medina and Pagel (2021) also fail to reject that increased
deposits from text message nudges are financed with unsecured debt.
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ing consumption ci, retirement contributions reti and liquid savings or borrowing liqi with
second-period indirect utility V (·) discounted by an individual-specific discount factor βi.
Each asset types can have different properties (e.g., liquidity and taxes) and enter separately
into an individual’s second-period utility. Decisions are made taking as given the generosity
γ of government retirement savings subsidies s(reti, πi, γ) and taxes τi(liqi, πi, γ):

max
ci,reti,liqi

u(ci) + βiVi(reti, liqi, πi), (1)

where V (·, ·, ·) is the indirect utility in period two that depends on how much an individual
has saved in a retirement account and a liquid account and on πi, which is a state variable
capturing all individual characteristics relevant for determining their utility and choices
(following Kolsrud et al. (2021)). Consumer optimization is subject to a budget constraint
depending on the income yi of each agent net the amount set aside in liquid and illiquid
accounts, savings incentives received, and taxes paid

ci = yi − liqi − reti + s(reti, πi, γ)− τi(liqi, πi, γ). (2)

Normative preferences can differ from decision utility, and the social planner can be more
patient than individuals. This could be due to a desire to correct individuals present bias or a
response to the externalities under-saving can create for social-safety programs. The degree
of paternalism pi determines the difference between an individual discount factor βi and
the social discount factor βi (1 + pi).The social planner’s objective is to set γ to maximize
welfare, defined as:

W (γ) =

∫
i

ωi [u(ci(γ)) + βi(1 + pi)Vi(reti(γ), liqi(γ))] di+ µ

∫
i

(τ(liqi(γ), γ)− s(reti(γ), γ))di

(3)
where ωi is the welfare weight of individual i, pi ≥ 0 captures the degree to which agent i is too
impatient relative to the social planner, and µ is the marginal value of government revenue.
Note that in the planner’s problem, each of the three objects chosen by agents—consumption,
liquid savings, and retirement savings—explicitly depend on γ, which the agent takes as
given. However, because agent decisions depend on preferences that are different from the
social planner’s, envelope conditions do not hold and second-order effects can be welfare
relevant.

To consider the welfare effect of a small reform that increases the generosity of retirement
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savings incentives, we examine

dW (γ)

dγ
=

∫
i

ωi


dci
dγ
u′(ci)︸ ︷︷ ︸

cons. response

+βi(1 + pi)

 dreti
dγ

V ′
1︸ ︷︷ ︸

ret. savings response

+
dliqi
dγ

V ′
2︸ ︷︷ ︸

crowd-out liq. savings


 di

+ µ

∫
i


dτi(γ)

dγ
− dsi(γ)

dγ︸ ︷︷ ︸
fiscal effect

 di

where V ′
1 and V ′

2 are the derivatives of the indirect utility function V (·, ·, ·) with respect to
its first and second arguments, respectively. The welfare effect of changing the incentives
for retirement saving γ can be decomposed into four effects: the consumption response,
the retirement savings response, the liquid savings response, and the effect on government
revenue. This decomposition highlights the importance of characterizing the degree to which
increased retirement savings are offset by decreases in non-retirement savings.

When individuals first-order conditions hold, the consumption response to a small change
in retirement incentives is a sufficient statistic for welfare:

dW (γ)/dγ
µ

=
∫
i

gipi


(
−dci
dγ

)
︸ ︷︷ ︸

cons. response

+
dsi
dγ

− dτi
dγ︸ ︷︷ ︸

mechanical effect


 di+

∫
i
(gi − 1)

[
dsi
dγ

− dτi
dγ

]
︸ ︷︷ ︸

redistribution effect

di

where gi = ωiu
′(ci)/µ denotes the marginal social welfare weight on agent i. Abstracting

away from any motives for redistribution and setting gi = 1, the expression becomes:

dW (γ)/dγ
µ

=
∫
i

pi
dretidγ

(
− dci
dreti

)
︸ ︷︷ ︸

change in behavior

+
dsi
dγ

− dτi
dγ︸ ︷︷ ︸

mechanical effect


 di (4)

where we replace the reduced-form effect of policy on consumption dci/dγ with the product
of the effect of retirement policy generosity on retirement savings dreti/dγ and the effect of
increased retirement savings on consumption dci/dreti. Readily apparent from (4) is that
when the planner is not paternalistic (i.e., pi = 0 for all i) then the envelope theorem holds
and there is no effect on welfare of retirement savings policies.

What does this framework tell us about the mapping from the empirical objects tradi-
tionally estimated in the literature to welfare? Consistent with the theoretical framework of
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Allcott et al. (2022), the average treatment effect on retirement savings E(dreti/dγ) is only a
partial guide for welfare. Instead, what determines the welfare impact of an intervention are
the covariances between retirement savings responses (dreti

dγ
), the elasticity of consumption

to increased retirement savings ( dci
dreti

), and the degree of undersaving for retirement (pi) and
consumption responses to any increased savings (Allcott et al. (2022)).

When the level of bias is assumed to be homogeneous in the population (pi = p ∀i), a
well-targeted policy is one that that increases the retirement contributions of those with the
larger consumption responses—such that Cov

(
dreti
dγ
,− dci

dreti

)
> 0.

When the level of bias is heterogenous in the population, welfare is also determined by
the covariances with both the level of bias and the mechanical effect of the policy. Even when
there is no crowd-out of liquid saving by retirement saving such that all retirement savings
are financed with consumption decreases (dci/dreti = −1), a budget-neutral increase in
the generosity of retirement savings incentives could decrease welfare if net subsidies accrue
predominantly to the least biased individuals, such that Cov(pi, dsi/dγ − dτi/dγ) < 0. This
would be the case, for instance, if tax incentives for retirement savings are mostly taken up by
the most patient agents, for whom the discount factor wedge pi is smallest. Conversely, even
when the consumption response to retirement savings is zero, i.e., dci/dreti = 0—as would
be the case if people do not take-up retirement savings subsidies or finance it entirely by
decreasing their liquid savings—a policy can be welfare improving when Cov

(
pi,

dsi
dγ

− dτi
dγ

)
>

0.
Overall, this framework highlights that understanding the degree to which a given re-

tirement savings policy increases welfare depends crucially on understanding both the con-
sumption response and how it covaries in the cross-section with individual characteristics.
A well-targeted intervention increases contributions among those that are undersaving for
retirement (Cov(pi, dreti/dγ > 0) without crowding out other assets (dci/dreti ≈ −1). Con-
versely, a poorly targeted intervention increases contributions and transfers resources to
those that aren’t undersaving (Cov(pi, dreti/dγ > 0) or merely shifts savings from a non-
retirement account to a retirement account (dci/dreti ≈ 0). In this paper, we overcome the
two main obstacles to estimating the necessary objects by developing new data that jointly
observes ci and reti and embeds policy variation that changes retirement savings incentives
(dγ).

3 Data

We use proprietary data on bank customers who have pensions with the bank subsidiary,
which provides us broad picture of the personal finances of these customers as well their
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demographics. For each individual, we have four types of data through the bank. First,
we observe monthly aggregate pension contributions at the pension account level, which we
can match to anonymized individuals using unique customer identifiers. Second, the data
provides monthly aggregates of various categories of cash flows to and from current accounts
and credit cards, including income, several categories of spending, debt payments, and bank
transfers. Third, we observe the month-end balances of current accounts, savings accounts,
and credit cards.4 Unlike the flow data, month-end balances are rounded to the nearest
£100. Finally, the data contain individual characteristics available at an annual frequency:
age, gender, and a consumer marketing segment category known as a Fresco segment. The
raw data is available up to mid-December 2019, with a few consumers having data available
as early as January 2011. Pension contribution data start in January 2011, as do account
balance data; account flows data start in August 2011, and demographic data start in 2011.

The original raw datasets from the bank provide information on 614,000 unique indi-
viduals. We initially clean this data by excluding observations where net wage income is
missing or zero, pension contributions are missing, or where the size of the contribution
as a fraction of net wage income is not between 1.5% and 15%. We also impose a sample
window of January 2016 to November 2019 to have a roughly similar number of observations
per person. To construct our final analysis sample, we further filter the data to a smaller
sample of bank customers to limit our analysis to individuals that use their accounts with
our partner bank frequently and whom the data covers relatively continuously (i.e., without
large gaps or missing information). The steps to filter to this analysis sample are detailed in
the Appendix.

To visualize the granularity available using these data, Figure 1 plots the cash flows
in and out of the average checking account of someone in the medium tercile of monthly
net income. The green bar on the left is the average income for a middle tercile worker
of £1,658. The first outflow bar represents net transfers. At -£126, the data indicate that
the average middle tercile worker transfers £126 out of her account each month that cannot
be otherwise categorized. These transfers could be transfers to accounts at other banks,
checks or electronic bank transfers to landlords, friends, contractors, etc. For the purposes
of simplifying this figure, we have combined several spending categories. The average middle-
tercile worker spends £411 per month shopping at stores and supermarkets and £219 per
month on the travel, leisure, and restaurant category. Transportation and utilities expenses
average £315 per month and other categorized spending from several smaller categories totals
an average of £174 per month. Cash withdrawals are small on average for this group—£9

4These categories also include different product variants within these account types, such as “added value
accounts,” which are current accounts packaged together with other services such as insurance.
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per month. The average middle tercile worker makes credit card and other loan payments of
£179 and £220, respectively. All told, these cash outflows account for almost the entirety of
the cash inflow from the average worker’s paycheck. On average, checking account balances
decrease by £1 per month and credit card balances increase by £4 per month.

One critical question that must be answered is whether we are comprehensively capturing
the earning, spending, and saving behavior of the bank customers in our data. Specifically,
since only accounts held with our partner bank are observed, we might be concerned about
potential leakage from accounts held by households in our data at other financial institutions.
Our choice of sample selection criteria helps address the income side of this question: by
conditioning on (at least some) wages being paid into customers’ current accounts with our
partner bank, we expect the data to almost entirely capture the incomes of the individuals
in our sample. We would only get an incomplete and potentially biased picture of incomes
for people who are partly paid by direct credit into accounts with our partner bank and also
partly paid in cash or whose wages are also partially paid into accounts with other providers.
Similarly, the sample selection criteria also help ensure that we are adequately capturing the
spending behavior of our sample. We ensure that our results are robust to restricting the
data sample to only individuals with a credit card with our partner bank, who use their
observed accounts for food expenses and transact frequently using observed accounts. Such
individuals are likely to mainly use their accounts with our partner bank when spending,
especially because conditioning on wages being paid into their observed current accounts
suggests their primary current accounts are at our partner bank. Finally, since total savings
can be indirectly imputed from income and spending data, capturing the behavior of the
latter two means we can adequately capture savings behavior even when we only directly
observe spending from accounts in our data.

Another important question to contextualize conclusions derived from this data is the
degree to which our partner bank’s customers are representative of the broader UK popula-
tion. To assess whether spending by workers in our sample is representative of the average
UK consumer, we calculate monthly budget expenditure shares using our spending data and
compare these spending shares with nationally representative data from the UK Living Costs
and Food Survey in Appendix Figure A1. Overall, we find that our sample closely matches
the consumption profile of the average UK resident. Each point represents an expenditure
share for the indicated category in a year between 2016-2018. For most categories, the plot-
ted points are close to the 45-degree diagonal line, suggesting that budget shares are quite
similar in the two datasets. The only outlier is the Other category, which is significantly
below the 45-degree line, suggesting that this category is underrepresented in our data. We
interpret this as evidence that, while our data captures many spending categories, there is
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some leakage from our partner bank’s customers paying for some things with money not
initially held by our partner bank. Appendix Figure A2 benchmarks our data coverage and
representativeness with nationally representative data from the Office for National Statistics
on the share of consumers that have financial debt, property debt, and any debt. Overall,
consumers in our data are 12 and 15 percentage points less likely to have financial and prop-
erty debt, respectively, consistent with our partner bank’s clientele being higher-income on
average.

Table 1 reports summary statistics for three categories of variables: income and spending,
debt and account balances, and individual characteristics in panels I-III, respectively. The
average worker in our data has a monthly net wage income of £2,300, implying an annual
average wage income of £27,600, although there is substantial heterogeneity and skewness
in the data. On average, workers in our data spend £1,400 per month out of their current
accounts and £130 on their credit card with our partner bank. Looking across spending
categories, the other spending category is the largest and most variable, with £490 per
month on average. We also categorize observed spending into categories for consumer retail
spending, utilities, supermarket purchases, restaurants, and leisure.

Panel II of Table 1 reports that the average current account balance is £4,200. However,
even more so than any other variable, this average is significantly driven by high-balance
outliers: the median current account balance is £1,600. From these accounts, workers pay
an average of £360 and £140 per month of credit card payments and loan payments. The
average credit card balance is £650, although more than half of consumers carry no balance
in a typical month. In a given month, an average of 35% of individuals do not have a savings
account with our provider. Finally, panel III shows that customers in the data have an
average estimated age of 41 and 39% are estimated to be female.

Appendix Figure A3 documents the extent to which workers in our data use their credit
card or current account for each spending category. Overall, workers in our data (and UK
consumers more broadly) are much more likely to use their current account for their spending.
This feature of UK payment modes (in contrast, e.g., to the average US consumer) supports
our ability to make inference about the responsiveness of various spending categories to
pension contributions. Consumer retail, leisure, and other spending have the highest share
of spending observed on credit cards, each with around 10% of expended pounds being
charged to a credit card on average.
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4 Institutional Setting and Empirical Strategy

To identify how workers finance increased retirement savings, we leverage a natural experi-
ment created by a legislative mandate of increased retirement contributions in the UK. After
explaining the changes induced by the policy, we explain how we contrast workers affected
and unaffected by these changes to identify the impact of increased savings on spending,
borrowing, and saving.

The UK Pension Act of 2008 went into effect in 2012 and requires employers to automat-
ically enroll their employees into a workplace pension scheme. Data from the Annual Survey
of Hours and Earnings indicates that as of 2019, 77% of UK workers were participating in a
workplace pension scheme. The Act initially set the minimum employee default contribution
rate at 1% of qualifying earnings and the minimum employer contribution at 1%, although
the minimum employee contributions include the tax relief from pension contributions being
pre-tax.5 Each employer was assigned a staging date based on its number of employees, by
which time employers were required to enroll all employees working in the UK aged between
22 and the state pension age in a workplace pension plan.6 As of 2017, the regulations
applied to any worker earning over £10,000 a year. While employees can opt-out of their
employer’s pension scheme at any time, the law requires employers to automatically reenroll
all eligible opted-out employees every three years.

Subsequent revisions to the Pension Act of 2008 increased the default contribution levels.
On 6 April 2018, the minimum default employer and employee contribution rates increased
to 2% and 3%, respectively, such that the minimum total contribution rate increased from
2% to 5%.7 On 6 April 2019, the default employer and employee contribution levels were in-
creased to 3% and 5%, respectively, such that the minimum total contribution rate increased
from 5% to 8%.8 Employees can choose to opt-out (but cannot contribute less than the

5Qualifying earnings are defined as earnings over a lower threshold, subject to a maximum amount. In
the 2021/22 tax year, the minimum contribution applies to earnings over £6,240 up to a cap of £50,270.
Employers can optionally use total income instead of qualifying earnings to calculate contributions, in which
case weakly lower default minimum contribution rates apply.

6Unlike in the US, the autoenrollment requirement applies to both new hires and any non-participating
seasoned employees.

7Optionally, employers are able to satisfy the legislation’s increased default contribution requirements by
contributing some or all of the employee contribution, so long as the total minimum contribution requirements
are set with the employer share being at least the indicated minimum.

8Technically, the Act mandates different minimum contributions depending on the definition of earnings
used. Measured using either basic pay or qualifying earnings, the minimum employee contribution rate was
0.8% before April 2018, when it increased to 2.4% and then to 4% in April 2019. Measured against gross
earnings, the minimum default employee contributions were also 0.8% and 2.4% in fiscal years 2017 and 2018
but increased to only 3.2% in fiscal year 2019. Employer minimum contributions increased from 2% to 3%
in April 2018 and to 4% in April 2019 using basic pay. Measured using qualifying earnings or gross earnings,
employer required minimum contributions increased from 1% to 2% in April 2018 and to 3% in April 2019.
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combined employee and employer contribution minimum), and their employers are required
to reenroll them at the minimum contribution limits every three years. Therefore this policy
has stronger bite than a typical auto-enrollment default contribution nudge: in addition to
changing the default option for contributions, the policy restricts the contribution choice
set (i.e. employees connot contribute below the new minimum) and changes the financial
incentives for contributing (by raising employer contribution levels). Cribb and Emmerson
(2016) find that UK autoenrollment substantially increased pension plan participation and
contribution rates.

To develop a laboratory that facilitates learning about the causal effects of increased
pension contributions on financial behavior, we divide pension plan participants in our data
into four groups based on their contribution rates in March 2018. As the first step-up in
default contribution rate was in April 2018, this allows us to compare workers who, before the
change, were slated to be directly affected by the law change and those for whom the increase
in default minimums should have no effect because their contribution rate was already quite
high. Although workers with high and low pre-period total contribution rates undoubtedly
differ on many dimensions, we can use pre-period data to characterize the differences between
these groups at baseline and then study how the difference in these groups changes from this
baseline.

We construct four groups, each based on a worker’s total contribution rate in March 2018,
defined as the sum of employer and employee contributions each month divided by qualifying
earnings for that worker in that month. The lowest and highest contribution rates are 1.5%
and 15%.9 We set the lower bound of the lowest contribution rate to be at 1.5% to focus
on employees who are participating in their employer’s pension scheme (non-participating
employees are presumably less comparable to participating ones). Because UK law prescribes
1% as minimum employer contribution for most firms and schemes and 1% is generally the
minimum employee contribution amount conditional on contributing anything, workers who
appear to have less than 1.5% of income contributed to their pension likely have mismeasured
income or aren’t currently participating in their pension. This 1.5%-15% interval is divided
into four intervals, one for each group. The boundaries between the successive intervals
are: 2.5%, 4.5%, and 7.5% because, at these boundaries, the numbers round to 3, 5, and 8.

The tax relief at the source offered also depends on the income measure being used. For all income measures,
the tax relief increased from 0.2% to 0.6% in April 2018. In April 2019, the tax relief increased to 1% for
basic pay and qualifying earnings and to 0.8% for gross earnings. In our data, qualifying earnings seems to
be the most common income definition used, based on the prevalence of employees contributing 4% in 2019
and employers contributing 3% in 2019.

9Increasing the upper bound to a 20% contribution rate would add an additional 10,000 individuals to
the sample—only a 1.6% increase in sample size at the potential expense of reduced comparability across
contribution-rate groups.
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Similarly, 1.5% is chosen as the lower boundary since, at this boundary, the numbers round
to 2. The four groups, 2, 3, 5, and 8, thus refer to the lowest integers in each interval and
correspond to the various values that the minimum total, employee, and employer default
contributions rates take on in recent UK history.

Figure 2 plots the distribution of contribution rates, highlighting the segment of contri-
bution rates corresponding to each group. There is a large mass of workers with a total
contribution rate at 2%, which is intuitive, given that before April 2018, the default min-
imum total contribution rate specified by law was 2%. The share of consumers with each
contribution rate declines steadily from 2% onward. However, as Table 2 indicates, group 8
has the most individuals given the wide range of contribution rates represented. Our use of
total contributions for group assignment is because of data limitations; our data is generally
unable to differentiate employer and employee contributions. However, using data from the
20% of workers for whom the data does differentiate employer and employee contributions,
Figure 3 shows that the vast majority of variation across groups defined by total contribution
rates is driven by the employer contribution. This suggests a significant share of the varia-
tion in March 2018 group assignment is determined by the decision of employer to contribute
above the minimum rather than wait for the policy to become binding. However, we caveat
that employer contributions are not always predetermined by the employer and some plans,
known as salary sacrifice schemes, allow employees to reduce their salary in exchange of a
larger employer contribution.

4.1 Comparability of Contribution-Rate Groups

To further examine the comparability of these groups, Table 2 reports summary statistics for
each contribution rate group. Using the group definitions described above, there are roughly
28,000 workers in the 2% group, 21,000 in each of the 3-4% and the 5-7% groups and 36,000 in
the 8% group. The 2% contribution rate group has significantly lower March 2018 net wage
income and spending, with roughly £400 per month less in income and £400 per month less
in spending than the other groups. Combining lower average income with lower contribution
rates, the 2% contribution rate group also has the lowest pension contributions at £42 per
month compared to £85, £153, and £271 for the 3-4%, 5-7% and 8% groups, respectively.

Figure 4 summarizes the logic behind studying these groups by plotting the median
monthly contribution amount for each of the four groups. The vertical lines represent the two
policy-mandated increases in default contribution limits. Our methodology is to characterize
the difference between the groups before the first policy change and then use the dynamics
of how this differentially changed as a result of the policy to understand the causal effects
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of the policy. We then extend this same strategy to other financial outcomes.
As evident in Table 2, there are significant baseline differences prior to April 2018 in

the contribution amount for each group, with contribution amounts tending to increase for
successively higher rate groups. We also note that the highest contribution rate group has
a slight upward time trend to its median contributions compared with the relatively flat
time trends for the other groups. As expected, the lower contribution rate groups have their
median pension contributions increased significantly by the increase in default minimum
contribution rates in both periods. For example, the 2% contribution rate group’s median
contribution amount more than doubles after the April 2018 increase from £42 per month
to over £100 per month. The 3-4% group was also affected by the both policy changes, as
expected given that after the first increase in contribution rates, their total contribution rate
was less than the 5% mandated to be the new default minimum rate.

In contrast to the lower two contribution rate groups, the 5-7% contribution rate group
was much less affected by the April 2018 increase because their total contribution rate was
already over the minimum. However, 5-7% was below the required minimum 8% total con-
tribution rate after the April 2019 increase, and we see a noticeable increase in contribution
amounts for this group after the April 2019 policy change. The highest contribution rate
group was entirely above the required minimum after the 2018 increase and mostly above
the required minimum after the April 2019 increase, such that we see little deviation from
trend for the highest contribution rate group.

Using the Sun and Abraham (2021) event-study methodology described below in sec-
tion 4.2, we plot estimates of a retirement contributions event study in the left-hand panel
of Figure 5. By normalizing March 2018 to zero, the event-study coefficients estimate the
change in retirement contributions for workers in treated contribution-rate groups relative
to untreated workers in March 2018 who were already contributing above the minimum.
The graph shows that—with no discernible pre-trend or anticipation—immediately after the
scheduled increase in required default minimum contributions, the average affected worker’s
retirement savings went up by £30. The subsequent trend shows that contributions for af-
fected workers stayed about £30 higher than March 2018 levels until April 2019, when default
minimum contributions again increased as legislated and contributions increased by another
£30-40 per month. The right-hand panel of Figure 5 reports effects on cumulative contribu-
tions. By the end of our sample period, treated workers have increased their contributions by
approximately £1,200 more than control-group workers. Lastly, we use the life-cycle model
in section 6 to show that in a world where there is no selection into contribution-rate groups,
we would anticipate finding very similar effects.
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4.2 Estimation Strategy

To characterize how workers finance increased retirement savings, we adopt two comple-
mentary estimation strategies. First, we estimate the reduced-form effects of the change in
retirement savings policy—analogous to dci/dγ—using the Dynamic Event Study difference-
in-differences approach of Sun and Abraham (2021). For a given outcome, we estimate

Outcomeit = β
∑
ℓ

µℓ1(t− PolicyDatek(i) = ℓ) + αi + δt + εit (5)

where i denotes each worker, t denotes calendar months between 2016 and 2019, 1(·) is an
indicator function, and αi and δt are individual and month fixed effects, respectively. The
event study coefficients µℓ capture how the average outcome evolved relative to the month
PolicyDatek(i) that contribution group k had its minimum pension contributions increased
by the Pension Act of 2008. For example, the indicator function in (5) is turned on to estimate
µ2 for groups 2 and 3 in June 2018 (two months after their first increase in minimum default
contribution rates) and for group 5 in June 2019 (two months after the second increase in
minimum default contribution rate, the first one that would have affected group 5). For
group 8, which already had sufficiently high contributions, the indicator function in (5) is
always off and these control-group observations help to identify δt.

Second, to use this variation in estimation of the effect of an increase in retirement
contributions on a given outcome, we estimate

Outcomeit = β · PensionContributionsit + αi + δt + εit

Pension Contributionsit =
∑

s∈{1,2}

∑
k∈{2,3,5}

πksGroup
k
i × Postst + ψi + ϕt + vit

by two-stage least squares . Using contribution rates as of March 2018 defined as above, we
define Groupki is an indicator for whether borrower i was in contribution rate k in March
2018. There are two post periods, and Post1t and Post2t are indicators for whether month t

fell on or after the two policy change months in April of 2018 and 2019. The outcome in the
second stage could be a cash flow such as spending or a deposit or debt balance. When the
outcome in the second stage is a worker’s take-home pay, β̂ estimates the fraction of each £1
of additional pension contributions induced by the UK Pensions Act escalations that was a
contribution of an employee’s wages. For spending category outcomes, we will often interpret
effects by dividing by β̂income to characterize the share of each £1 of an employee’s take-home
pay difference that was financed with a change in the indicated category of spending.
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5 Effects of Increased Pension Contributions

The first direct effect of increasing pension contributions is to reduce employees’ take-home
pay. However measuring this effect is not straightforward; the increase in pension contribu-
tions in April 2018 and 2019 (shown in Figure 4) reflects both an increase in employer and
employee contributions, but only the increase in employee contributions reduces take-home
pay initially. We implement a regression analysis to measure the extent to which the man-
dated increase in pension contributions reduced take-home-pay. Our analysis compares the
change in take-home pay along two dimensions: (i) comparing individuals’ outcomes to their
behavior prior to the policy change allows us to control for all time-invariant individuals
characteristics (such as education, gender, attitudes toward saving, etc.) and (ii) comparing
groups with low initial contribution rates (who are affected by the contribution rate step-up)
and groups with higher initial contribution rates (who are unaffected) allows us to control
for trends that affect all individuals at the same time (such as overall growth in income or
seasonal variation in compensation).

How should we expect the increases in default contribution rates for employers and em-
ployees mandated by the UK Pension Act to affect workers’ take-home pay? Using the
qualifying earnings definition of income, total contributions increased by 3 percentage points
in April 2018. This translates into a 1.6% increase in employee contributions when the tax-
relief is done at source (and added directly to the pension pot) and a 2% increase in employee
contributions otherwise. Therefore, we might expect between take-hone pay to decrease by
£0.53 or £0.67 (depending on the tax-relief method) for every £1 increase in contributions
to an employee’s pension. The remainder being financed by employer contributions and tax
relief. We should expect the reduction in take-home pay to be larger if the incidence of
increased employer contributions falls more on the affected employees relative to our control
group.Table 4 displays the results of the regression analysis on the effect of increased pension
contributions on take-home pay (panel I), spending (panel II), debt payments (panel III),
and net flows into current accounts and out of credit card accounts (panel IV). The results
are expressed in terms of the effect of increasing pension contributions by £1. Consistent
with our expectations above, we indeed find in the data that increasing pension contribu-
tions by £1 reduced take-home-pay by around £0.67 (panel I). The -£0.23 coefficient on
total spending in the first row of panel II implies that a third of the drop in take-home
pay is financed by a reduction in total spending. Table 4 shows the category-specific spend-
ing effects. The reduction in spending is particularly significant for categories that capture
discretionary spending, such as restaurant, leisure, and retail spending. Leisure spending
includes spending on sports, hobbies, gambling, and entertainment. This suggests that it
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is easier for individuals to adjust their discretionary spending in response to a reduction in
take-home pay as opposed other categories such as housing and utilities, for which we do
not observe significant effects.

In addition to reducing their spending, consumers also respond to the drop in take-
home pay by reducing their monthly credit card payments by £0.22 (Panel III) and their
net checking account deposits by £0.34 (although this estimate is very imprecise). These
changes in monthly flows translate into significant reduction in current account balances
and an increase in credit-card balances. Finally, to characterize the timing of these balance
changes, Figure 6 plots event study estimates of the cumulative change in checking account
balances (panel I), credit-card balances (panel II), and non-mortgage, non-credit-card debt
balances (panel III). For the average worker, we see a £100 relative decline in checking-
account balances soon after the first increase in contribution rates, although our ability to
make strong statements about effect timing is limited somewhat by the precision of our
estimates. In contrast to the more immediate effects of the policy on retirement savings
seen in Figure 5, the effects on credit-card debt and non-mortgage debt are more gradual,
suggesting that workers draw on these sources of financing to cope with decreased take-home
pay gradually over time. By the end of our sample 19 months after the first nationwide
increase in minimum contribution limits, treated workers have approximately £150 less in
their checking accounts, £100 more credit-card debt, and £150 more non-mortgage debt than
would be predicted using the control group and baseline differences between treatment and
control.

Figure 7 illustrates a combination of all of these effects to decompose how the average
worker in our sample financed increased pension contributions. Total contributions to pen-
sions increased by £1,247 for the average worker, with £816 (65%) of that increase coming
from employee contributions and a corresponding decrease in take-home pay. Approximately
40% of that decrease in take-home pay was financed through lower spending, 19% through
lower credit card balances, and 11% and 21% through higher credit card and loan balances,
respectively. This leaves £79 (10%) of the cumulative decrease in take-home pay unaccounted
for, potentially resulting from transfers from financing sources outside our data provider.

5.1 Heterogeneous Effects by Liquidity Status

Our results suggest that, on average, only 40% of the increase in retirement contributions
was financed by reducing spending. There is, however, substantial heterogeneity: those
with limited liquid savings primarily reduce spending, while those with substantial liquid
savings shift existing savings from outside to inside retirement accounts, with minimal impact
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on spending. Figure 5 reports total spending effects by deposit tercile, showing that the
effects are quite large for workers in the bottom third of deposit balances and statistically
insignificant for workers in the top tercile of deposit balances. This reflects the fact that
customers with large deposit balances can offset a reduction in take-home-pay by reducing
their deposits, whereas individuals with low or no deposits are more constrained and must
either reduce their consumption or resort to expensive borrowing. But even individuals
with larger inital liquid balances cannot run down checking account balances indefinitely,
therefore we use a quantitative model–calibrated to match the observed short-term reductions
in account balances–to estimate the long run spending responses and draw implications for
targeting retirement policies.

6 Life-Cycle Model

In this section, we build on the estimated life-cycle model of Choukhmane (2023) to explore
alternative assumptions about the incidence of the policy, simulate the response of spending
in the long-run, and assess the targeting of retirement incentives. We briefly sketch the model
here and refer the reader to Section 4 of Choukhmane (2023) for further details on the model
and Section H.3. for the calibration using micro-data from the U.K. Annual Survey of Hours
and Earnings.

The model features a rich economic environment along with a parsimonious specification
of preferences. During their working life, agents choose how much to consume, how much to
contribute to an illiquid tax-favored employer-sponsored retirement account, and how much
liquid savings or unsecured debt to hold. Agents face income and employment risk that varies
with age and tenure. After age 65, agents can withdraw ressources from their retirement
savings account (subject to income taxation) and receive public pension benefits calibrated
to match the UK State Pension benefit level. The government maintains a progressive
tax schedule (calibrated to match the UK income tax system) and funds unemployment
insurance and a public pension system (calibrated to match the UK State Pension benefit
level). Households face mortality risk and changes to household composition that both vary
with age. Preferences include an elasticity of intertemporal substitution (set at 0.52) and
an exponential discount factor (δ4 = 0.96). Households choosing to actively change their
contribution rate (including those opting out of participation entirely) pay a £171 utility
cost. In an extension, we explore the model under a specification with naive present bias (as
described in Section E.1. of Choukhmane (2023)).
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The state variables consist of age, employment status, labor productivity, the employer
retirement contribution formula, tenure, the current ratio of liquid wealth to debt, current
retirement wealth, the default contribution rate and the aggregate policy environment (pre-
vs post- contribution step-ups). Agents maximize their lifetime utility by each period choos-
ing their next period ratio of liquid wealth to debt and their savings contribution rate to
their defined contribution retirement account, which is negative during retirement to capture
withdrawals.

Using the model, we simulate the effect on total spending of increasing the default em-
ployer and employee contribution rates. We increase employee contribution rates to 3%
and then 5% a year later and employer contribution rates to 2% and then 3% a year later.
Figure 8 reports the results of this exercise. For comparison, the red bars with confidence
intervals repeat the quasi-experimental estimates using the data plotted in Figure 5. The
dark blue bars show the model-simulated effects at a comparable two-year horizon. The
model matches the pattern seen in the data of strong spending effects of autoenrollment at
higher contribution rates for agents in the bottom third of initial level of liquid savings. As
in the data, the spending effects in the model fade out as initial deposits increase. This
comparison demonstrates that the quasi-experimental effects are not merely an artifact of
unobserved differences across workers with varying baseline contribution rates. Using the
model, we simulate effects at a longer horizon to gauge persistence. The light blue bars in
Figure 8 show that while there is some fade-out of the initial spending effects at a twenty-year
horizon, spending still seems permanently lower. Over time, workers with higher initial de-
posits eventually spend down their savings buffer and ultimately also finance ongoing higher
retirement savings with lower spending.

We use the calibrated model to evaluate other policies aimed at increasing retirement
contributions. As shown in Section 2 a well-targeted policy ensures positive covariances
between the change in retirement contributions, and both the elasticity of spending and the
degree of undersaving bias. We simulate the effect of a financial incentive for retirement
saving, in the form of a one-time matching subsidy for increasing one’s contribution rate by
1% of salary. As shown in Figure 9, we find that such financial incentives generate negative
covariances: the take-up of the matching incentives is highest among those with substantial
liquid savings (left panel) who are least likely to cut their spending (middle panel) and tend
to be the least present biased individuals (right panel).
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7 Conclusion

In this paper, we study the effects of increasing retirement savings on consumption, total
savings, borrowing, and welfare. For identification, we use the increases in minimum default
pension contributions mandated by the Pension Act of 2008 and newly compiled data com-
bining pension contributions data with spending, saving, and borrowing data. Using a simple
framework for assessing effects on welfare in the presence of undersaving, we show that the
consumption response is a sufficient statistic for welfare. However, the average treatment
effect on consumption is not sufficient. Instead, the covariance between the contribution
response, the elasticity of consumption, and any bias in consumers’ savings decision-making
determines social welfare. Empirically, we find that, after the increases in minimum contri-
butions in 2018 and 2019, affected consumers’ net wage income declined by approximately
£0.67 for every £1 in additional pension contributions, suggesting that roughly two-thirds of
the increase in pension contributions was funded by employee contributions and the remain-
der by employer contributions as we would expect. For every £1 decrease in their monthly
take-home pay, consumers respond by cutting their spending by £0.35 and financing the
remainder by dissaving in their checking accounts and accumulating a modest amount of
additional credit card debt. We find that the relatively discretionary areas of spending, such
as restaurant and leisure spending, are the most elastic to the decrease in income net of pen-
sion contributions. Younger customers and customers with lower current account balances
cut their total spending the most, with customers seeming to follow a pecking order where
they prefer to spend down current account balances before cutting their habitual spending
if possible.

Returning to our welfare framework, what lessons do these results have for the design
of retirement policy? Consistent with the theoretical framework of Allcott et al. (2022),
the average increase in retirement savings from an intervention is a poor guide for welfare.
Instead, a well-targeted policy is one that that increases the retirement contributions of
those with the larger consumption responses—such that Cov

(
dreti
dγ
, dci
dreti

)
> 0—and larger

levels of bias—such that Cov
(
dreti
dγ , pi

)
> 0. Empirically, we find the elasticity of spending

to retirement contributions to be largest for low-liquidity individuals. Moreover, models of
present bias predict that a low level of liquid savings is also an indicator of a larger bias and
undersaving. This result highlights a potential downside to making retirement savings more
illiquid. While raising penalties on early withdrawals can provide a source of commitment,
such penalties may deter low-liquidity households—with the largest spending responses and
the most to gain from saving—from participating, worsening the quality of targeting.

Our results further suggest that tax incentives and employer matching subsidies are
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often poorly targeted given that the largest share of fiscal and employer expenditures ap-
pear to be taken up by those with the highest liquidity (Choukhmane et al., 2023). These
households have the smallest spending response and are likely the least biased, such that
Cov

(
dreti
dγ
, dci
dreti

)
< 0 and Cov

(
dreti
dγ , pi

)
< 0. High-liquidity households can be more respon-

sive to financial incentives precisely because they can take advantage of the subsidy without
changing their spending patterns—simply by shifting existing savings from non-retirement
to a retirement accounts. Consequently, even absent any redistributive motive (gi = 1), our
results suggest that an asset (or income) cap on tax incentives or on forced savings may be
efficient.
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Figure 1: Average Cash Flows by Category for Medium Tercile Income
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Notes: The figure plots the average cash flows in and out of checking accounts for workers in the
middle tercile of income for the unrestricted sample in the year 2016. Bar heights report the net
cash flow for the indicated category.
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Figure 2: Distribution of March 2018 Contribution Rates by Group
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Notes: The figure plots the probability density of contribution rates in March 2018, with each con-
tribution rate group plotted in a different color. See section 4 for an explanation of the contribution
rate groups.
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Figure 3: Pension Contribution Rates by Source and Total Contribution Rate Group
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Notes: Figure plots the average employee (red) and employer (green) contribution rate for each
contribution rate group for the subsample of workers with data differentiating employer and em-
ployee contributions. Contribution rate groups are defined based on each employee’s March 2018
total contribution rate. See section 4 for an explanation of the contribution rate groups.
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Figure 4: Average Monthly Pension Contributions by Contribution Rate Group
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Notes: Figure plots the median monthly contributions by contribution rate group. See section 4
for an explanation of the contribution rate groups. The vertical lines indicate the increases in the
default pension contributions on 6 April 2018 and 6 April 2019.
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Figure 5: Event Study of Change in Monthly Contributions
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Notes: Figure plots the estimated average change in monthly retirement contributions (left-
hand panel) and the average change in cumulative contributions (right-hand panel) for treated
contribution-rate group workers relative to control-group workers using the Sun and Abraham
(2021) estimator, normalizing March 2018 to zero. Coefficients are normalized by subtracting the
pre-period average. Dashed lines plot 95% confidence intervals clustered at the pension scheme
level. Individual and calendar-month fixed effects included in all models.
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Figure 6: Event Study of Change in Checking Account and Debt Balances
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Notes: Plotted coefficients are the cumulative change in checking account balances (left-hand
graph), credit card balances (middle graph), and non-mortgage loans (right-hand graph) for treated
contribution-rate group workers relative to control-group workers using the Sun and Abraham (2021)
estimator. Coefficients are normalized by subtracting the pre-period average. Dashed lines plot 95%
confidence intervals clustered at the pension scheme level. Individual and calendar-month fixed ef-
fects included in all models.
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Figure 7: Event Study of Change in Checking Account and Debt Balances
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Notes: Figure plots the cumulative change in pension balances by the end of our sample for the
average worker, along with a decomposition of how that increase in pension balance was financed.
Plotted coefficients are the cumulative change for treated contribution-rate group workers relative to
control-group workers using the Sun and Abraham (2021) estimator. Individual and calendar-month
fixed effects included in all models.
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Figure 8: Simulated Effects on Total Spending by Deposit Tercile
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Notes: Figure graphs effects on total spending by initial deposit tercile from an increase in employer
and employee contribution rates. Red bars with 95% confidence intervals repeat quasi-experimental
estimates from Figure 5.Green bars report average effects on total spending in the simulated model
after two years when default employee contributions increase to 3% and then 5% a year later and
default employer contributions increase to 2% and then 3% a year later. Blue bars report simulated
effects after 20 years.

31



Figure 9: Simulated Effects of a One-time Subsidy to Increase Contribution by 1% of Salary
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Notes: The left panel plots the take-up of a one-time match subsidy to increase retirement contri-
butions by 1% of salary by deciles of liquid wealth. On the left of the red vertical line are deciles
with net negative liquid wealth (i.e., unsecured debt holders). The middle (right) panel corresponds
to the average spending reduction per additional pound of pension contribution (average level of
present bias), conditional on increasing retirement contribution by 1% of salary..
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Table 1: Summary Statistics

Mean Median Std. Dev.

I. Income and Spending
Net Wage Income 2295.2 1927.2 2004.8
Total Spending 1748.0 1373.5 2041.6
Spending via Current Accounts 1503.8 1179.7 1948.7
Spending via Credit Cards 244.1 0.0 610.2
Housing and Utilities Spending 289.1 251.7 734.2
Restaurant Spending 109.2 65.4 157.6
Consumer Retail Spending 389.4 247.1 560.3
Supermarket Spending 277.2 219.1 232.7
Leisure Spending 92.8 29.0 519.6
Other Spending 590.2 330.1 1533.7

II. Debt and Balances
Credit Card Payments 398.5 100.0 1112.4
Loan Payments 156.0 0.0 763.7
Current Account Balance 4185.2 1800.0 12476.7
Credit Card Balance 999.7 0.0 2121.4
Has Savings Account 0.66 1.0 0.47

III. Individual Attributes
Female 0.41 0.00 0.49
Age 41.0 38.0 11.5

Number of Observations 1,456,968
Number of Individuals 43,650

Notes: Table reports summary statistics covering individuals from January 2016 through November
2019. All amounts are in nominal British pounds. See the Appendix for details on the data cleaning
and sample selection procedures.
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Table 2: Summary Statistics in March 2018 by Contribution Rate Groups

Contribution Rate Group 2 3 5 8

Contribution Rate 2.0 3.4 6.0 11.0
(0.28) (0.57) (0.89) (2.25)

Net Wage Income 2130.6 2515.1 2573.8 2476.2
(2039.6) (2982.8) (2914.1) (1817.7)

Pension Contribution Amount 42.4 86.7 153.8 273.1
(41.2) (113.5) (166.9) (201.9)

Total Spending 1454.1 1611.0 1594.5 1712.1
(1421.8) (1508.1) (2001.6) (1981.5)

Credit Card Balance 886.9 942.6 937.0 963.1
(1801.3) (1891.8) (1973.5) (2006.4)

Credit Card Payments 298.4 418.3 430.0 492.2
(826.6) (1206.0) (1155.9) (1443.2)

Loan Payments 139.5 149.3 165.5 139.6
(658.6) (811.0) (949.7) (713.6)

Age 39.1 39.6 40.8 42.1
(11.6) (11.5) (11.6) (11.4)

% Male 0.57 0.55 0.57 0.58
(0.49) (0.50) (0.50) (0.49)

Number of Individuals 9,369 7,639 7,720 14,737
Notes: Table reports means with corresponding standard deviations in parentheses by
contribution rate group using data in March 2018. See section 4 for an explanation of the
contribution rate groups.

34



Table 3: First-Stage Effect of Contribution Group on Pension Contributions

(1)

Group 2 - Post April 2018 28.1***
(1.1)

Group 2 - Post April 2019 31.1***
(1.5)

Group 3 - Post April 2018 29.4***
(1.2)

Group 3 - Post April 2019 32.7***
(1.7)

Group 5 - Post April 2018 2.0
(1.3)

Group 5 - Post April 2019 20.7***
(1.8)

Partial F-statistic 449.5
Observations 1,456,819
R-squared 0.41

Notes: Table estimates first stage specifications by OLS. Dependent variable is the monthly pension
contribution. The six instruments are contribution group indicator variables interacted with post-
intervention indicator variables. Robust standard errors in parentheses. Individual and calendar-
month fixed effects included in all models. * p<0.10 ** p<0.05 *** p<0.01
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Table 4: Effect of Pension Contributions on Income, Spending, Borrowing, and Deposits

Category Net Wage Income Total Spending Cash Withdrawal External Credit Card Net Transfer

Effect per £1 Increase in Contributions -0.97*** -0.40** -0.003 0.01 -0.37
(0.15) (0.16) (0.01) (0.06) (1.30)

Observations 1,456,819 1,456,819 1,456,819 1,456,819 1,456,819
Notes: Table reports instrumental variables regression estimates of the effect of pension contribution
increases on income (panel I), spending (panel II), debt payments (panel III), and net account
flows (panel IV). Each row reports the results of a separate regression with the indicated outcome
variable. The estimation sample is described in Table 1 and contains monthly observations from
43,501 individuals. Total Spending equals Spending via Current Accounts plus Spending via Credit
Cards. Loan Payments represent debt payments that are not included in total spending. Robust
standard errors in parentheses. Individual and calendar-month fixed effects included in all models.
* p<0.10 ** p<0.05 *** p<0.01
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Table 5: Effects on Total Spending by Deposit Tercile

Tercile Bottom Middle Top

Effect per £1 Increase in Contributions -0.80*** -0.56*** -0.19
(0.17) (0.22) (0.37)

Observations 437,699 452,205 452,462
Notes: Table reports instrumental variables regression estimates of the effect of pension contribution
increases on total spending for each tercile of March 2018 deposits level. .Robust standard errors
in parentheses. Individual and calendar-month fixed effects included in all models. * p<0.10 **
p<0.05 *** p<0.01

A Data Appendix

In the raw data, all observations are at the account-month level, with the exception of de-
mographic data which are captured at the account-year level. We aggregate information
on pension contributions, net flows, deposit account balances, and demographics from the
different accounts of each individual to get a panel of workers at the individual-month level.
Some individuals have multiple observations on file in a given month. For individuals with
multiple observations in a given month, we consolidate as follows: For pension accounts,
we keep only the account having the lowest recorded pension contribution amount for a
given month.When an individual has multiple accounts that share this lowest contribution
amount, we keep only the account that has the most recent open date. For accounts with
multiple demographic observations (usually due to changes in characteristics such as owner-
ship, employment status, or marital status in a given year), observations with employment,
observations marked as active, and observations marked as registered are prioritized in that
order. Finally, for individuals with multiple observations corresponding to account flows for
a given month, in all cases only one observation has a non-missing employer ID. We keep
this observation only.

We then clean the data as follows. First, we set all missing cash flow and account
balance observations to zero. We then aggregate the totals for each category by individual
and month. In addition, since age is provided in segments (i.e., 21-25, 26-30, ..., 61-65, 66+),
we calculate an age midpoint variable which is set to be the midpoint of these ranges (or 70
in the case of the 66+ group); this age midpoint variable is used as a proxy for age in our
analysis. Finally, we winsorize pension contributions at the 0.1 and 99.9 percentiles so as to
lessen the effects of extreme outlier values for pension contribution in the sample.

We then restrict the sample as follows. First, we restrict the sample window to January
2016 – November 2019. The last month in the raw data is December 2019, but this is dropped
because we only have observations up to mid-December. And while the panel is available
from August 2011, January 2016 is chosen as the lower cutoff to limit the degree to which
the panel is unbalanced because there are a very limited number of observations before 2016.

Next, we drop observations where pension contributions are missing or where net wage
income is nonpositive (since the ratio of pension contributions to income would therefore
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be undefined). We treat “leading zeroes” in pension contributions, continuous sequences
of pension contributions of zero for the first months of each pension account, as missing.
This is because these zeroes can indicate misreported pension contributions – in particular,
at times the zero pension contributions are outright impossible, such as when the pension
balance jumps up from zero but the pension contributions remain at zero. We also only
keep individuals who had a pension contribution of 1.5%-15% in March 2018. Typically, the
contribution rate must be set as an integer percentage, so we round the contribution rates
to the nearest integer; the contribution rate of 1.5% for the lower bound is chosen because
it corresponds to a rounded rate of 2%, under the rationale that individuals whose pension
contributions are below the default minimum of 2% have most likely opted out of the default
contribution amounts and therefore would not been affected by the autoenrollment step-up.
The upper bound is set at 15% in order to make group 8 more comparable to the other
groups. Furthermore, we drop individuals from the panel during the months before the
first month and after the last month in which the individual is found to have an employer
ID in the sample period. Finally, we drop observations if the individual did not have any
positive monthly pension contributions in the given year, if the sum of all of an individual’s
current account balances from 2011-2019 is nonpositive, if the individual’s wages are missing
throughout the entire year, or if the individual’s spend to wage ratio for the year is less than
30%. Each of these steps is taken to form a more representative sample of individuals who
would be potentially impacted by the treatment and a more representative control group
that is likely to be otherwise similar on observable dimensions in the time period close to
the step-up dates.
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Figure A1: Benchmarking Sample Consumption Data with National Survey Data
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Notes: UK survey data comes from the Living Costs and Food Survey. Each point represents an
annual average between the years 2016 and 2018, and the lines chronologically connect the points
within each category.
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Figure A2: Benchmarking Debt Data with National Survey Data
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Notes: This figure compares our data with UK survey data from the
Office for National Statistics (https://www.ons.gov.uk/peoplepopulation-
andcommunity/personalandhouseholdfinances/incomeandwealth/datasets/householddebt-
wealthingreatbritain, section 7.1) for the April 2016–March 2018 period. For our data,
property debt is defined as mortgage balances; all other debt is categorized as financial debt.
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Figure A3: Credit Card and Current Account Spending by Usage Category
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Notes: Each category of spending represents the average of the share of total spending in that
category through credit cards vs. current accounts. Cash spending is included in current account
spending. The data is from January 2016 through November 2019.
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Table A1: Effect of Pension Contributions on Income, Spending, Borrowing, and Deposits
in Restricted and Unrestricted Samples

Dependent Variable Effect per £1 Increase
in Contributions

(Restricted Sample)

Effect per £1 Increase
in Contributions

(Unrestricted Sample)

I. Income
Net Wage Income -0.97*** (0.15) -0.90*** (0.10)

II. Spending
Total Spending -0.40** (0.16) -0.30** (0.13)
Leisure Spending -0.15*** (0.05) -0.12*** (0.04)
Restaurants Spending -0.06** (0.01) -0.06** (0.01)
Utilities/Subscription Spending -0.05 (0.04) 0.006 (0.05)
Consumer Retail Spending -0.05 (0.04) -0.10*** (0.03)
Supermarket Spending -0.003 (0.01) 0.02** (0.01)
Rent Spending 0.05 (0.04) 0.01 (0.03)
Other Spending -0.07 (0.13) -0.05 (0.11)

III. Debt Payments
Credit Card Payments -0.29*** (0.08) -0.34*** (0.07)
Mortgage Payments -0.03 (0.07) -0.03 (0.06)
Other Loans Payments 0.02 (0.07) 0.04 (0.05)

IV. Net Account Flows
Net Transfer
Cash Withdrawal
Net Current Account Inflows -0.66 (1.40) -1.21 (1.01)

Notes: Table reports instrumental variables regression estimates of the effect of pension contribution
increases on income (panel I), spending (panel II), debt payments (panel III), and net account flows
(panel IV). Each row reports the results of a separate regression with the indicated outcome variable.
The restricted estimation sample is described in Table 1 and contains 1,441,507 monthly observations
from 43,040 individuals. The unrestricted estimation sample relaxes the requirement for monthly
food expenditure and credit card use, and contains 2,533,483 monthly observations with 77,033
individuals. Total Spending equals Spending via Current Accounts plus Spending via Credit Cards.
Loan Payments represent debt payments that are not included in total spending. Robust standard
errors in parentheses. Individual and calendar-month fixed effects included in all models. * p<0.10
** p<0.05 *** p<0.01
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Table A2: First-Stage Effect of Leave-one-out Firm Mean Contribution Group on Pension
Contributions

(1)

Group 2 - Post April 2018 28.1***
(1.1)

Group 2 - Post April 2019 31.1***
(1.5)

Group 3 - Post April 2018 29.4***
(1.2)

Group 3 - Post April 2019 32.7***
(1.7)

Group 5 - Post April 2018 2.0
(1.3)

Group 5 - Post April 2019 20.7***
(1.8)

Partial F-statistic 449.5
Observations 1,456,819
R-squared 0.41

Notes: Table estimates first stage specifications by OLS. Dependent variable is the monthly pension
contribution. The six instruments are contribution group indicator variables interacted with post-
intervention indicator variables. Robust standard errors in parentheses. Individual and calendar-
month fixed effects included in all models. * p<0.10 ** p<0.05 *** p<0.01
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