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Abstract

Whether the marginal utility of consumption differs by health status is 
a key input to many economic models. However, evidence on the sign 
and magnitude of state dependence between consumption and health 
remains mixed. Using detailed panel data from Singapore that measures 
consumption and health each month, we find that health and consumption 
are complements. The marginal utility of consumption increases by 
3.5% for a one-standard deviation increase in an index of health based 
on chronic conditions. Simulations illustrate our estimates of state 
dependence have quantitatively important implications for optimal 
retirement saving.

Research Dialogue | Issue no. 231 
September 2025

Any opinions expressed herein are those of the authors, and do not necessarily represent the views of TIAA, the TIAA Institute or any other organization with 
which the authors are affiliated.



FIT TO CONSUME: HOW HEALTH SHAPES PREFERENCES FOR CONSUMPTION	 2

  1		  Several studies find the marginal utility of consumption is higher when 
healthy (Finkelstein et al., 2013; Blundell et al., 2024), while others find 
the reverse (Lillard & Weiss, 1997; Ameriks et al., 2020) or document 
heterogeneity (Brown et al., 2016).

  2		 The modal assumption is that health and consumption are additively separable 
(see e.g., Hall & Jones, 2007; Hugonnier et al., 2013; De Nardi et al., 2016; 
Dobkin et al., 2018; Finkelstein et al., 2019; Seibold, 2021; Leive, 2022; 
Fonseca et al., 2023, among many others). Some studies, generally as part 
of robustness, analyze the case that the marginal utility of consumption is 
higher when healthy (Reichling & Smetters, 2015; Lieber & Lockwood, 2019; 
Hendren, 2021), others that it’s higher when ill (Koijen et al., 2016), or both 
cases (Deshpande & Lockwood, 2022).

Two supplemental approaches provide corroboration 
that consumption and health are complements. First, we 
estimate the regression suggested by Finkelstein et al. 
(2013) using data on life satisfaction that regresses a utility 
proxy on consumption, health, and the interaction between 
consumption and health. The sign of the interaction reveals 
the direction of state dependence. Second, we leverage 
random variation in lottery winnings, which are measured in 
three waves of the SLP. Motivated by the result from Kim and 
Oswald (2021) and Kim and Koh (2021) that lottery winnings 
increase life satisfaction and consumption, we test whether 
the effect of lottery winnings on these outcomes differ by 
baseline health status. In both cases, we find evidence 
consistent with our main result that the marginal utility of 
consumption is higher when healthy.
Using our main estimates, we illustrate the implications of 
state dependence for optimal retirement saving. We simulate 
a simple life-cycle model of consumption and savings that 
features changes in health status by age. This exercise yields 
three key findings. First, compared to state-independent 
utility, optimal retirement savings are 1.4% lower because 
the least healthy years of life occur in old age. Second, future 
cohorts should optimally save more than current cohorts due 
to technological advances and other factors that improve 
health at older ages. Third, ignoring state dependence will 
meaningfully underestimate risk aversion from observational 
data. The optimal consumption profile is less smooth under 
state-dependent utility because consumption is shifted 
earlier in life, and an econometrician estimating preference 
parameters from this profile will incorrectly infer the reason 
for these choices. Our model is intended to be illustrative, and 
a richer model with additional features may lead to slightly 
different quantitative magnitudes, but we expect the same 
qualitative conclusions regarding these three points.

1. Introduction
How health affects the marginal utility of consumption 
is of primary importance to economic models of saving 
and insurance. If illness reduces the value of non-health 
consumption, then optimal health and disability insurance 
benefits should decline compared to a case where the value 
of a dollar is the same in good or bad health. Because health 
typically worsens with age, optimal retirement savings would 
also be lower. Conversely, if illness increases the value of 
non-health consumption, then optimal health, disability, and 
retirement benefits should be higher. Yet empirical evidence on 
whether the marginal utility of consumption depends on health 
(“state dependence”) remains inconclusive.1 Consequently, 
there’s no consensus on how to model the sign or magnitude of 
state dependence between health and consumption.2 
This paper provides novel evidence on how the marginal 
utility of consumption varies by health status using high-
frequency survey data from Singapore. We first derive 
an empirically tractable formula for state dependence as 
a ratio of marginal utilities based on a simple life-cycle 
model of consumption and savings. State dependence is 
a function of the gap in nondurable consumption between 
health states, risk and time preferences, and parameters 
that govern uncertainty about future health and mortality. 
We then estimate state dependence using 55 waves of the 
Singapore Life Panel (2015–2019), which is a monthly survey 
containing detailed information on consumption, health, 
employment, and well-being. In addition to these monthly 
questions, the Singapore Life Panel (SLP) includes annual 
questions about assets and one-off modules about risk 
preferences and other topics relevant to aging. We construct 
an index of health by predicting self-assessed health status 
according to the diagnosis of chronic conditions and estimate 
how nondurable consumption responds to within-person 
changes in the health index over time.
We find strong evidence that health and consumption are 
complements. People reduce nondurable consumption if their 
health worsens, with a one-standard deviation decline in 
the health index corresponding to a 10% drop in nondurable 
consumption. Combining these results with our theory, 
the marginal utility of consumption is 3.5% higher for a 
one-standard deviation increase in the health index. We 
document heterogeneity in magnitude but not in sign of state 
dependence across several observable characteristics. Our 
estimates are robust to several alternative specifications. The 
categories of spending that decrease the most are consistent 
with our interpretation that health and consumption are 
complementary. While we document declines for nearly all 
spending components, we find strong evidence that food, 
dining out, and vacations fall sharply after illness.
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The setting of Singapore offers a useful context for 
studying this topic, and the richness of the SLP provides 
advantages relative to data used in previous work. One 
empirical challenge to measuring state dependence is how 
to determine whether consumption declines are due to 
preferences or due to incomplete insurance. Singapore is 
among the wealthiest countries in the world and covers 
its population through a robust system of Medical Savings 
Accounts (MSAs). If consumption decreases due to 
incomplete insurance, one would expect people with lower 
MSA balances to experience the largest consumption 
declines. Instead, we find that people with higher MSA 
balances cut their consumption by similar amounts in 
response to illness. This pattern is consistent with state 
dependence rather than incomplete insurance. In terms 
of data, the monthly frequency of the SLP is unparalleled 
among similar surveys focusing on aging-related questions.3 
We observe the median respondent 48 times, which 
improves our ability to track the dynamics between 
consumption and health.
Without such detailed data, prior research has generally 
needed to make additional assumptions to estimate state 
dependence between health and consumption. Studies using 
similar approaches with different datasets have reached 
different conclusions. Starting with Finkelstein et al. (2013), 
a series of papers have examined the correlation between 
utility proxies, chronic conditions, and permanent income. 
While Finkelstein et al. (2013) find the marginal utility of 
consumption is lower with more chronic conditions in the 
Health and Retirement Study (HRS), the sign and magnitude 
of state dependence vary between studies using the same 
methods and similar data from other countries (Wang & 
Wang, 2020; Simonsen & Kjaer, 2021; Bassoli, 2022). As an 
alternative approach, both Brown et al. (2016) and Ameriks 
et al. (2020) ask people hypothetical questions about how 
much money they prefer to allocate to states when they’re 
disabled versus states when they’re healthy. These studies 
also reach different conclusions. Ameriks et al. (2020) find 
people prefer more consumption when disabled than when 
healthy, while Brown et al. (2016) detect heterogeneity by 
age and type of disability, sometimes finding people favor 
less consumption when disabled and in other cases not 
rejecting state-independent utility.

Several studies have pursued more structural approaches, 
combining data on consumption or assets with detailed 
life-cycle models. This branch of research has also produced 
mixed results, with some finding a higher marginal utility of 
consumption when ill (Lillard & Weiss, 1997; Yogo, 2016), 
others finding the opposite (Koijen et al., 2016), and others 
finding little relationship (De Nardi et al., 2010). Most 
recently, Blundell et al. (2024) developed a semi-structural 
approach to test whether changes in consumption are 
driven more by changes in health or changes in resources. 
Using data from the HRS, they show that consumption 
declines after health shocks in the United States, and most 
of the response is explained by lower marginal utility of 
consumption when ill. We view our paper as complementary; 
Blundell et al. (2024) model a broader set of risks but don’t 
estimate the magnitude of utility parameters, whereas we 
develop and estimate a theoretically grounded measure of 
state dependence while focusing on health risks.
The remainder of the paper proceeds as follows. We develop 
a formula for state dependence between consumption and 
health based on a stochastic life-cycle model in Section 2. 
We then describe the SLP survey and relevant aspects of 
Singapore’s health system in Section 3. Section 4 presents 
our main results on state dependence using changes in 
consumption after health shocks. Section 5 shows the results 
of supplementary analyses using data on life satisfaction 
and lottery wins. We illustrate the quantitative importance 
of our estimates for optimal retirement saving by simulating 
a life-cycle model in Section 6. Section 7 briefly concludes 
by discussing external validity and the implications of our 
results for other social insurance programs.

3		  The Health and Retirement Study (HRS), English Longitudinal Study of 
Ageing (ELSA), and the Survey of Health, Ageing, and Retirement in Europe 
(SHARE) each occur once every two years.
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2. Theory
In this section, we develop a formula for health state dependence based on a stochastic life-cycle model of 
consumption and savings. An agent with preferences satisfying constant relative risk aversion (CRRA) chooses 
consumption to maximize their discounted expected utility of lifetime consumption. We assume medical costs are 
fully insured and that nondurable consumption doesn’t affect health status. Utility is intertemporally separable, 
the future is discounted by the factor 0 < β < 1, and the agent can borrow and save at interest rate r. Flow utility 
may vary by health states, with u(ch,t) denoting the utility of consuming ch in time t if healthy, and v(cb,t) denotes 
the utility of consuming cb in time t if unhealthy. While we assume the agent is either healthy or unhealthy, the 
framework naturally extends to any number of health states. The probability of being healthy in time t + 1 if healthy 
in time t is denoted by p.
Along the optimal consumption path, the agent equates the marginal utility of consumption when healthy in time t 
to the discounted expected utility of consumption in time t + 1 according to the Euler equation:

                 u’(ch,t) = Sβ (1+r)[pu’ (ch,t + 1)+(1 – p) v’(ch,t + 1)]           (1)

where S is the probability of survival to time t + 1 if healthy in time t. Omitting time subscripts (i.e., in steady state), 
Equation 1 can be rearranged as:

   	                 (2)

where δ is a scaling factor that depends on the parameters governing uncertainty and the dynamics of the decision 
problem. Following approaches used in previous studies to measure the value of insurance (Baily, 1978; Gruber, 
1997; Chetty, 2006; Hendren, 2017; Fadlon & Nielsen, 2019; Coyne et al., 2024), we approximate marginal utility of 
consumption when healthy by taking a second-order expansion around cb: u’(ch)≈(cb)+u’’(cb)(ch-cb)+ u’’’(cb)(ch-cb)2. 
The marginal utilities in both health states now correspond to the same consumption level, and combining with the 
right-hand side of Equation 2 and dividing by u(cb) yields:

          (3)

Under CRRA utility, substitute    as the coefficient of relative risk aversion, 	
as the coefficient of relative prudence, and rearrange to write: 

	                    (4)

The ratio of marginal utilities is a function of the proportional change in consumption between health states  
risk aversion γ, and a term δ that incorporates time preferences, interest rates, and uncertainty in health and 
survival. A ratio over 1 indicates that the marginal utility of consumption is higher when healthy, while a ratio below 
1 indicates that it’s lower when healthy.   represents the special case of state-independent utility. In the next 

section, we describe the empirical setting and data used to estimate each component and then estimate in Section 4.
We close this section by noting that Equation 4 provides a general formula for state dependence—we have assumed 
CRRA preferences but not a specific functional form linking h and c. As we evaluate the quantitative magnitudes 
of our estimates in Sections 4 and 6, we impose additional structure on the utility function to illustrate specific 
formulations of how health and consumption are linked.
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3. Setting and data
In this section, we first present a high-level overview of 
healthcare financing in Singapore to establish context. We 
then describe the Singapore Life Panel (SLP) and summarize 
the key variables used in our empirical analysis.

3.1 Background on Singapore’s health system
Personal savings accounts are central to financing health 
care in Singapore.4 Created in 1984, MediSave is the 
country’s program of individual medical savings accounts 
(MSAs). While working, citizens and permanent residents 
make mandatory MSA contributions that range from 4% to 
10.5% of salary, up to a ceiling.5 Employers make equivalent 
matching contributions. Contributions are deductible from 
taxable income, and balances grow at a fixed interest rate 
of 5% annually. Individuals can also make additional tax-
deductible contributions to their MediSave accounts up to 
the statutory maximum. The contribution limits are high—
66,000 SGD (49,102 USD) in 2022—and exceed 10 times 
the limits for Health Savings Accounts in the United States.6 
All balances roll over each year.
MSA withdrawals can be made at any age to pay for 
deductibles and copayments for outpatient care, preventive 
care, prescription drugs, inpatient and other acute care, 
and long-term care. MediSave funds can also finance 
premiums for MediShield Life, which is supplemental health 
insurance that covers low-probability, high-cost care such as 
hospitalizations and expensive outpatient care like dialysis 
and chemotherapy. The deductible in MediShield ranges from 
1,500 SGD to 3,000 SGD depending on the individual’s age 
and the class of hospital ward. MediSave balances can also 
finance care for dependents, including a spouse, children, 
grandparents, and siblings. Unlike HSAs in the United 
States, MSA funds can only be used to finance healthcare 
expenses—withdrawals for other consumption are prohibited 
regardless of age.
MediSave covers approximately 97% of Singapore’s 
population. Those with low incomes who can’t afford 
MediShield are covered by the safety-net program MediFund, 
which is financed by a government investment fund and 
requires preapproval for care to be reimbursed. Collectively, 
MediSave, MediShield, and MediFund are referred to as the 
“3M system.”

3.2 The Singapore Life Panel
The SLP is a longitudinal survey of a representative sample 
of Singaporean citizens age 50 to 70 in 2015. The baseline 
survey was conducted in July 2015 and surveyed more 
than 13,000 individuals, including both the representative 
respondent and the spouse. The survey design is similar to 
the Health and Retirement Study (HRS) in the United States, 
but with more frequent interviews and a slightly different set 

of questions.7 Respondents are surveyed monthly, with core 
questions about income and spending, employment, chronic 
conditions, health status, and life satisfaction asked each 
month. Other questions are included quarterly, annually, or 
on a one-off basis. The monthly sample size is around 8,000, 
which corresponds to a response rate of 65%. We use 55 
waves of the survey, spanning the period of July 2015 to 
December 2019.
Detailed expenditure data is collected monthly and records 
spending on 33 different items. Our main analysis focuses 
on nondurable consumption. In supplementary analyses, 
we also include durable consumption. As part of the latter 
measure, we construct a rental equivalent for homeowners 
to measure housing consumption and impute service flows 
for vehicle consumption for households who own vehicles. 
Appendix A details our consumption measures and the 
classification of items into nondurables and durables. 
Compared to other countries, in-kind transfers are less 
common in Singapore. There are rebates for utilities for 
some low- and middle-income households, and once a 
quarter, the SLP asks about the amount received. We 
include these amounts as part of utility consumption. 
Following the literature, we exclude education and 
insurance from consumption as these items are more likely 
to represent investments. We winsorize consumption at 
the 1st and 99th percentiles within each wave to remove 
the influence of outliers. We exclude healthcare spending 
from our main consumption measure and instead measure 
the impact of health shocks on healthcare spending in 
supplementary analyses. Information on (self-reported) 
healthcare spending is collected each month and divided 
into subcategories of prescription medication, outpatient 
spending, inpatient spending, and other medical spending. 
During the annual survey, which is longer than the monthly 
surveys, individuals are asked to report household assets, 
including balances in checking and savings accounts, 
MediSave, and retirement accounts.

4		  For a detailed description of Singapore’s health system and its history, see 
Haseltine (2013), Yin and He (2018), and information from the government 
available at https://www.moh.gov.sg/cost-financing/healthcare-schemes-
subsidies/MediSave (accessed May 2, 2024).

5		  The ceiling in 2022 was 5,760 SGD (4,284.84 USD) to 7,560 SGD (5,623.85 
USD) depending on age.

6		  The maximum individual contribution to Health Savings Accounts in the United 
States was $3,650 in 2022, by comparison.

7		  See https://rosa.smu.edu.sg/singapore-life-panel/about-singapore-life-panelr 
(accessed May 2, 2024).
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Each month, the SLP asks individuals if they’ve ever been 
diagnosed with the following seven chronic conditions: 
diabetes, hypertension, arthritis, psychiatric conditions, 
heart conditions, stroke, and cancer. By tracking changes 
to these responses over time, we construct indicators for 
the development of new chronic conditions. Self-assessed 
health is also measured monthly on a five-point scale, with 
responses ranging from Poor to Excellent. In Section 4, we 
present evidence that the chronic conditions in the SLP 
capture almost as much variation in health status as a larger 
set of conditions do.
In addition to these core questions, the SLP includes 
several other modules relevant to our analysis. In one wave, 
respondents are asked about hypothetical gambles that we use 
to set-identify risk aversion. We describe this question in more 
detail in the next section. Finally, life satisfaction is measured 
monthly, and lottery purchases and winnings are measured in 
three waves. We use these variables in supplemental analysis 
in Section 5 and defer their discussion until then.

3.3 Descriptive statistics of sample
We make minimal sample restrictions to construct our 
analytic sample. Starting from a sample of 13,353 individuals 
and 9,823 households, we drop respondents who only appear 
in wave 0 (the baseline wave) or wave 1 (a small test-wave), 
which drops 2.7% of the sample. We next restrict the sample 
to individuals age 45 to 75, reducing the remaining sample 
by 1.5%. We drop 34 people who are presented with different 
summary screens in the consumption module across waves 
(0.3% of the remaining sample). Finally, we exclude 14 
individuals who live with a household member under the 
age of 22 at any time during the sample period because 
consumption may change when children leave the home. 
This restriction barely reduces the sample because most 
respondents are beyond the traditional age of parenthood. 
Our analytic sample includes 12,742 individuals in 9,547 

households. The average number of waves per individual 
respondent is 33, and the median is 48.
Table 1 presents summary statistics for the analytic 
sample. In total, our data contains 433,139 observations at 
the individual-wave level. Panel A presents demographic 
information. The average age is 60 years, and 52.8% of the 
sample is female. The large majority (86.6%) identify as 
ethnically Chinese. Most respondents (69%) live in public 
housing provided by the Housing Development Board (HDB), 
rather than in private housing. Nearly 80% of the sample 
is married. In terms of educational attainment, 23% have 
completed primary schooling or less, 41% have completed 
secondary schooling, and 36% have completed post-
secondary or higher education.
Panel B reports income, consumption, and assets. On 
average, monthly household nondurable consumption per 
capita is 1,053 SGD, and durable consumption is 1,743 SGD. 
By comparison, annual household income per capita is 4,991 
SGD, on average, including both earnings and other sources. 
The average household has slightly more than 40,000 SGD in 
total assets per capita, with more than 26,000 SGD in MSA 
balances. Average monthly healthcare spending is 75 SGD 
per capita.
Panel C reports the number of diseases and self-assessed 
health at the individual level over the sample period. On 
average, respondents have one chronic condition in a given 
month. Diabetes, hypertension, arthritis, and psychiatric 
conditions comprise the majority of these, while heart 
conditions, stroke, and cancer are less common. Appendix 
Figure B.1 shows that the onset of diseases is gradual and 
fairly steady at both the individual and household level during 
the sample period. In terms of self-assessed health, 32.1% 
report being in fair health, 45.9% in good health, and 13.8% in 
very good health. The two extreme levels are rare, with 5.8% 
reporting being in poor health and 2.5% in excellent health.
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TABLE 1. SUMMARY STATISTICS

 Mean SD
Panel A. Demographics

Age 61.21 5.96

Female 0.530 0.499

Chinese 0.866 0.340

Educational attainment: Primary or less 0.227 0.419

Educational attainment: Secondary 0.412 0.492

Educational attainment: Post-secondary or higher 0.361 0.492

Live in HDB housing 0.684 0.465

Married 0.792 0.406

Citizen 0.951 0.215

Household size 1.86 0.397

Panel B. Consumption, income, assets

Nondurable consumption per capita (monthly) 1,053 1,057

Durable consumption per capita (monthly) 1,743 1,363

Healthcare consumption per capita (monthly) 74.57 345.55

Income 5,009 5,671

Household MediSave assets per capita 26,239 17,608

Household total assets per capita 40,259 89,404

Panel C. Chronic conditions and health status

Number of chronic conditions 1.00 1.12

Heart disease 0.130 0.336

Stroke 0.027 0.163

Cancer 0.053 0.224

Diabetes 0.191 0.394

Hypertension 0.387 0.487

Psychiatric conditions 0.035 0.185

Arthritis 0.179 0.383

Self-assessed health

Excellent 0.025 0.156

Very good 0.138 0.345

Good 0.458 0.498

Fair 0.321 0.467

Poor 0.058 0.234

Number of individuals 12,742

Number of households 9,547

Number of individual-waves 429,442

Notes: Table presents descriptive statistics of the analytic sample. Statistics are weighted using the survey’s sample weights. The HDB provides public 
housing in Singapore.
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4. Estimates of state dependence from consumption changes
This section provides our main estimates of state dependence. 
We sequentially estimate each parameter in Equation 4, 
beginning with constructing a health index based on the 
incidence of chronic conditions. We then measure how 
consumption responds to changes in this index. Next, we 
describe how we use the SLP to internally calibrate other 
parameters—risk aversion and health status transitions—and, 
finally, we detail which parameters we externally calibrate.

4.1 Constructing a health index
The theory in Section 2 treated health as a binary measure. 
In reality, health has multiple dimensions. Our empirical 
measure of health status seeks to balance the conceptual 
simplicity of analyzing a small number of health states while 
considering the multiple factors that determine health. 
The prior literature has constructed empirical measures of 
health in various ways, including counting the number of 
chronic conditions (Finkelstein et al., 2013; Hosseini et al., 
2022), using self-assessed health (De Nardi et al., 2024 ), 
predicting self-assessed health from self-reported conditions 
and limitations (Poterba et al.,  2017; Blundell et al., 2024), and 
predicting mortality from conditions inferred by prescription 
drug consumption (Danesh et al., 2024). Leveraging our 
monthly frequency of both self-assessed health and (self-
reported) diagnosis of chronic conditions, we construct an 
index that represents the probability of being in good, very 
good, or excellent health. Specifically, we estimate a logit 
model of reporting self-assessed health as being good or better 
as a function of the seven chronic conditions, their interactions 
with sex, and all two-way interactions of chronic conditions.
By predicting health status based on chronic conditions, we 
use objective information about disease diagnoses while 
also accounting for differences in the severity of the various 
conditions affecting health. For example, strokes and heart 
attacks are likely more severe than hypertension or diabetes 
diagnoses, and counting the number of chronic conditions 
would treat them as equivalent. The prediction model maps 
conditions onto health status in a way that weights their 
relative importance to health and allows for the possibility 
that interactions between conditions may also matter. As 
robustness, we consider alternative constructions of the 
health index, including a LASSO regression to avoid possible 
overfitting or simply using the count of chronic conditions. 
Regardless of how we specify the health index, we find 
qualitatively similar results for state dependence.
We choose to predict a binary measure of health status 
for several reasons. First, most people report being in one 
of two health states: 78% say they’re in either good or fair 
health. Relatively few people report having excellent, very 
good, or poor health, as shown above in Table 1. Second, it’s 
unclear that the difference between “poor” and “fair” health 8		  We restrict the MEPS to those with health insurance and use surveys from 

2016 to 2019 to match the SLP’s sample period.

is necessarily the same as the difference between “excellent” 
and “very good” health, which complicates efforts to predict 
a continuous measure of health. Third, the binary measure of 
good or better health is conceptually simple, which facilitates 
its interpretation and application to various contexts.
Figure 1 visualizes the relationship between chronic conditions 
and the health index. Panel (A) presents the average index 
level according to the number of chronic conditions. The health 
index declines monotonically with the number of chronic 
conditions, and patterns for men and women are quite similar. 
Beyond this count, the specific conditions a person has and 
in what combinations produce different values of the health 
index. The whiskers in Panel (A) denote the standard deviation 
within men and women who have the same number of chronic 
conditions. As the number of conditions increases, so does 
the variability of the health index, driven by the influence of 
different combinations of conditions. Across the full sample, 
the standard deviation of the health index is 0.15.
To provide intuition for how each condition separately 
influences the health index, Panel (B) plots the coefficient 
estimates from a linear regression of the health index on that 
chronic condition, without any other controls. The coefficients 
can be interpreted as the contribution of developing that 
condition, accounting for the other conditions a person already 
has. Hypertension exerts the smallest change in the health 
index, which is not surprising given that the condition can 
often be asymptomatic. Diabetes, cancer, heart conditions, 
and arthritis have relatively similar contributions—reducing 
the index between 0.2 and 0.25—with occasionally small 
differences by gender. Psychiatric conditions correspond to the 
largest reductions among these seven.
We quantitatively assess the importance of these conditions 
by running a linear regression of observed health (good 
or better) against the health index. The seven conditions 
capture 9.8% variation in the binary measure of health 
status (R2 = 0.098). We then repeat the same exercise in the 
U.S. Medical Expenditure Panel Survey (MEPS), where we 
observe health status and a larger set of chronic conditions.8 
The seven conditions in the SLP represent about half of 
the “priority conditions” designated by the U.S. Agency 
for Healthcare Research and Quality and measured in the 
MEPS, with the others being attention deficit hyperactivity 
disorder, angina, asthma, emphysema, high cholesterol, heart 
disease, and heart attacks. In the MEPS, a health index with 
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the same conditions (excluding psychiatric conditions, which 
are not recorded) capture 12.3% of the variation in health 
status. Using all conditions in the MEPS to construct a health 
index, we find the larger set of conditions explains 15.0% of 
variation in health status. We view the improvement in R2 

FIGURE 1. RELATIONSHIP BETWEEN HEALTH INDEX AND CHRONIC CONDITIONS

(A) Mean health index by number of conditions

(B) Effect of conditions on health index

Notes: Figure shows statistics for how chronic conditions relate to the health index. Panel (A) plots the average 
of the health index for individuals with 1, 2, 3, 4, and 5 or more chronic conditions, separately by men and 
women, with whiskers denoting the standard deviation for that group. Panel (B) plots the regression estimates 
from a linear regression of the index against each of the chronic conditions, separately by men and women, with 
whiskers denoting 95% confidence interval on the difference relative to not having that chronic condition.

from 0.123 to 0.150 as modest and interpret this exercise as 
evidence that the conditions measured in the SLP capture 
important dimensions of health status relative to a larger 
set that could be measured, even if many aspects of health 
remain unobserved.
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4.2 Changes in consumption between 
health states
We run the following regression to estimate the change in 
consumption between health states:

       ln(Cijt) = αi + τt + λHijt + ηXijt + ϵijt         (5)

where ln(Cijt) measures log household consumption 
per capita for individual i of household j in month t, and 
Hijt denotes the health index for individual i in month t. 
The coefficient λ measures the percentage change in 
consumption  that appears in Equation 4 from Section 2. 
By including an individual fixed effect αi and a wave fixed 
effect τt in Equation 5, λ is identified from changes within 
individuals over time. Time-varying covariates Xijt are age 
and indicators for household size. Regressions are weighted 
using the survey’s sample weights, and standard errors are 
clustered at the household level.9

Table 2 presents the results. On average, consumption is 
10.3% higher when healthy compared to when unhealthy 
(column 1). However, this estimate corresponds to moving 
from one extreme of the health index to the other, which 
constitutes out-of-sample variation. Instead, a more 
meaningful interpretation is a one-standard deviation change 
in the index, which is equal to 0.15. The corresponding decline 
in consumption is then predicted to be about 1.5%. As a 
graphical analogue, Figure 2 plots a binned scatterplot of 
consumption against the health index using the methods of 
Cattaneo et al. (2024), controlling for individual fixed effects, 
month effects, and indicators for household size. The fitted 
line is a third-order polynomial and shows the relationship 
is linear over much of the range of the health index, which 
supports the specification in Equation 5.
As discussed earlier, an important assumption with this 
approach is that individuals are adequately insured against 
the cost of illness. We assess this assumption by testing 
whether consumption responses are the same for people 
with different initial levels of MSA balances per capita. One 
might expect those with smaller balances would reduce 
consumption more than those with higher balances if 
incomplete insurance explained the changes. Appendix 
Table B.1 shows that the estimates are similar if we split the 
sample by baseline level of MSA assets in 2015. Moreover, 
the average MSA balance among those in the bottom half 
exceeds 12,000 SGD, which is 13 times larger than annual 
healthcare spending in the full sample. We therefore 
interpret the change in consumption in Table 2 as reflecting 
preferences rather than insufficient resources.
The sources of the spending declines provide further 
evidence consistent with this interpretation. We document 
declines in consumption across most categories of 
nondurables, with the strongest evidence for reductions in 
food and beverages, dining out, and vacations (Appendix 
Figure B.3).

TABLE 2. CONSUMPTION AND HEALTH INDEX

 (1)
Health index 0.103

(0.041)

Individual fixed effects Yes

Wave effects Yes

R2 0.775

N 10,989

NT 410,354

Notes: Table plots regression results of estimating Equation 5 via OLS. The health 
index is calculated as the predicted probability of being in good health based on a logit 
model that includes indicators for chronic conditions, interactions between conditions 
and gender, and all two-way interactions between conditions. The OLS regression also 
includes individual fixed effects, wave fixed effects, age, and indicators for household 
size and are weighted using survey sample weights. N denotes the number of unique 
individuals, and NT denotes the number of individual-waves.

9		  A large literature estimates similar regressions to study the completeness of 
insurance. Many studies have examined whether households in developing 
countries are protected against shocks (see e.g., Townsend, 1994; Gertler & 
Gruber, 2002; Mohanan, 2013; Liu, 2016; Garcia-Mandico et al., 2021). The 
macro literature estimates “pass through coefficients” between consumption 
and income shocks using similar approaches (Blundell et al., 2008; Kaplan & 
Violante, 2010; Blundell et al., 2024).
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FIGURE 2. BINNED SCATTERPLOT: LOG CONSUMPTION VS. HEALTH INDEX

Notes: Figure shows binned scatterplots of log nondurable consumption per capita against the health index, 
controlling for individual fixed effects, month effects, and indicators for household size. The number of equally 
sized bins is chosen based on data-driven methods of Cattaneo et al. (2024). The line plots a third-order global 
polynomial, and the regression is weighted using the survey’s sample weights.

4.3 Other internally calibrated parameters
Risk aversion: In one wave, the SLP asks a series of 
questions about hypothetical gambles related to permanent 
income. These questions follow Barsky et al. (1997) and 
set-identify risk aversion for each survey respondent. 
Respondents are first asked:

“Suppose that you were the only income earner in the 
family, and you have a good job guaranteed to give 
you your current income every year. Imagine you had 
the opportunity to take a new, equally good job, with 
a 50% chance it will double your income and a 50% 
chance that it will cut your income by a third. Would 
you take the new job?”

Respondents who answer “Yes” are subsequently asked if 
they would accept the job if there were a 50-50 chance it 
would double their income or cut it in half, while those who 
answer “No” are instead asked if they would accept the job if 
there were a 50-50 chance it would double their income or 
cut it by 20%. Assuming CRRA utility, the answers to these 
choices bound each respondent’s coefficient of relative risk 
aversion to be within one of the following intervals: [0, 1), [1, 
2), [2, 3.76), [3.76, ∞). Our main estimates take the midpoint 
of the relevant interval, and we show state dependence 
estimates using the upper or lower bounds as robustness. We 
assume a lower bound of 0 (risk neutrality) for a person who 
answers “Yes” to both questions. For a person who rejects 
both gambles, we assume an upper bound of 5 to avoid 
implausibly high levels of risk aversion.10 We assume that risk 
aversion is fixed during the sample period. 

There’s substantial heterogeneity in risk aversion. Slightly 
more than a third of respondents reject both gambles. A 
similar fraction accepts one or both gambles, with roughly 
equal shares in each of the three lowest risk aversion intervals. 
Finally, about one-quarter respond with “Don’t know” to both 
questions. Fortunately, the survey includes other questions 
that proxy for risk preferences, which we use to impute 
responses for these individuals. In particular, the survey asks 
“Are you generally a person who tries to avoid taking risks or 
one who is fully prepared to take risks?” measured on a scale 
from 0 to 10 and asks similar questions for financial risks and 
health risks. These questions, which are commonly used in 
surveys but don’t allow the same structural interpretation, 
are correlated with responses to hypothetical gambles about 
permanent income. For survey respondents who answer 
both sets of questions, we run linear regressions of the CRRA 
bounds against indicators for each possible response to the 
supplemental risk preference questions, along with indicators 
for female, ethnicity, education, and a quartic in age. We 
use these predictions to impute responses for respondents 
reporting “Don’t know” to the gambles, or who didn’t respond 
in that wave. In supplementary analysis, we show that our 

10		 A CRRA coefficient of 5 implies a person is roughly indifferent between 
accepting the gamble if there were an equal chance of doubling their salary or 
reducing it by 15%.
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results are robust to excluding the 36% of observations with 
imputed risk aversion.
Health status transitions: We estimate the transition 
probabilities between health states by regressing the 
current health index against its one-month lag:

Hit = κ1 + κ2Hit−1 + eit      (6)

The conditional probability of being healthy next month if 
healthy this month is κ1 + κ2. This exercise assumes that 
people have rational expectations about future changes 
in their health. As indirect support for this assumption, 
Appendix Figure B.2 shows there’s a tight link between 
subjective probabilities of ever developing a chronic condition 
and the empirical probabilities during our sample window.11 

4.4 Externally calibrated parameters
The SLP lacks questions that would allow us to measure the 
parameters governing time preferences and risk-free interest 
rates. We assume an annual discount factor of 0.975, which 
translates into a monthly discount factor of β = 0.998 = 
0.9751/12. We assume a gross interest rate of 1.02 annually 
based on the yield on 10-year Singapore government bonds 
during the sample period. This translates into a monthly gross 
interest rate of 1+r = 1.0016 = 1.021/12. Finally, we calibrate 
age- and sex-specific survival probabilities using life tables 
published by the Singapore government. 

4.5 Results
We now have all the inputs to calculate state dependence 
using Equation 4 from Section 2. Table 3 collects each of the 
inputs and presents our main estimates of state dependence.
We estimate u'/v' = 1.27,  indicating that the marginal utility 
of consumption is 27% higher when the probability of being 
healthy is 1 compared to when it’s zero. We calculate a 90% 
confidence interval on the ratio of [1.07, 1.43] and a 95% 
confidence interval of [1.04, 1.46] using a block-bootstrap 
procedure. To implement the bootstrap, we first sample 
individuals with replacement to construct a dataset with the 
same number of individuals as the original dataset, and then 
use all waves of those sampled individuals to estimate σ for 
that bootstrap sample. We repeat this process 1,000 times 
and then take the and 100 quantiles of that distribution 
as the (100 – α)% confidence interval. 
As in the case of Table 2, it’s more instructive to consider a 
change in the health index that corresponds to within-sample 
variation. We can also translate these estimates into a precise 
magnitude by specifying the functional form of utility along 
with a baseline measure of health. As one example, consider 

 as the utility function, which is the formulation 
used in Palumbo (1999) and De Nardi et al. (2010). Then 

and a one-standard deviation increase in the 
health index starting from the sample mean corresponds to a 
3.5% increase in the marginal utility of consumption.12

11		  It’s not surprising that the empirical probabilities are smaller than the subjective 
probabilities because we only observe four years of data, while the subjective 
probabilities ask about developing the disease at any time in the future.

12		  where h
–

= 0.62 is the sample mean of the health 
index and 0.15 is the standard deviation.

TABLE 3. STATE DEPENDENCE ESTIMATES

 Estimate Notes
         , % consumption change between health states 0.103 Table 2

γ, Risk aversion 2.85 Section 4.3

p, Probability healthy next month if healthy 0.966 Section 4.3

Sh, Survival probability if healthy (monthly) 0.999 Externally calibrated

β, Discount factor (monthly) 0.997 Externally calibrated

1+r, Gross interest rate (monthly) 1.002 Externally calibrated

        , State dependence 1.27

90% CI [1.07, 1.43]

95% CI [1.04, 1.46]

Notes: Table presents the components of the formula for u’/v’ and the corresponding source, as described in the text. The last three rows show the 
estimated magnitude of u’/v’ and its 90% and 95% confidence intervals, calculated by block bootstrapping 1,000 samples.
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Appendix Figure B.4 plots estimates of for a variety of 
observables, including  age, education, gender, marital 
status, and other characteristics. Estimates are consistently 
positive and statistically distinguishable from zero for most 
groups. Estimates are slightly larger for those with higher 
socioeconomic status, measured by higher education and 
living in non-HDB housing. To examine how estimates vary 
by asset levels, we split the sample by median of MSA wealth 
in the baseline wave. The magnitudes are similar, consistent 
with the assumption that our findings likely capture 
preferences rather than incomplete insurance. Collectively, 
we interpret the limited heterogeneity shown in these results 
to suggest that the complementarity between health and 
consumption is likely a general pattern.
Robustness: We probe robustness by considering a range of 
other empirical specifications and sub-samples in Figure 3. We 
continue to find strong evidence that health and consumption 
are complements. We estimate values of of 1.21 and 1.29 
using the lower bounds and upper bounds of risk aversion, 
respectively. We obtain similar results if instead of measuring 
consumption per capita, we adjust consumption based on an 
equivalence scale that weights the second and subsequent 
adults half as much as one adult to account for economies of 
scale in household consumption. Results are also similar if we 
use alternative formulations of the health index, including using 

a LASSO, omitting interactions of chronic conditions, or taking 
the average of health indices within households. So far, we’ve 
assumed that individuals can freely adjust their consumption 
in response to illness based on their preferences. However, 
those who are hospitalized may exhibit a drop in consumption 
because they are not at home, not because of state dependence. 
To assess this possibility, we exclude observations in which the 
individual is hospitalized in the current or previous wave.13 The 
results are smaller, but still statistically distinguishable from 
zero. Next, we restrict the sample to individuals who report 
no chronic conditions at retirement to examine a sub-sample 
who are not adjusting their labor supply in response to this 
set of illnesses. We again obtain positive estimates of state 
dependence. We find similar patterns if we omit those who ever 
report a psychiatric condition, which may be less exogenous 
compared to the other conditions. Finally, we obtain similar 
results when restricting the sample to those who respond in 
waves 50 or later, verifying that attrition—due to mortality or 
other reasons—does not affect the results. 
The theory in Section 2 ignored bequest motives. To proxy for 
the strength of bequest motives, we split the sample by whether 
the household has living children. The responses of those 
without children would capture state dependence with weaker 
bequest motives. However, the small sample size of those 
without children makes those estimates noisy and inconclusive. 

13		 We define hospitalization as having a positive amount of inpatient spending 
that month.

FIGURE 3. ROBUSTNESS: STATE DEPENDENCE

Notes: Figure plots estimates of state dependence for different sub-samples. Whiskers denote 90% confidence 
intervals calculated by block bootstrapping 1,000 samples for each group. For visual clarity, we top-code the 
upper bound of the confidence interval at 3.5. 
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5. Supplementary results: Subjective well-being and lottery wins
This section presents additional estimates on state dependence between health and consumption using two 
alternative approaches. First, we estimate state dependence following the framework of Finkelstein et al. (2013) 
using data on life satisfaction as a proxy for utility. Second, we leverage random variation in lottery winnings. This 
second approach extends the main findings in Kim and Oswald (2021) and Kim and Koh (2021) to test whether 
the effects of an extra dollar of income on consumption and life satisfaction vary by health status. In both cases, 
we find evidence that health and consumption are complements. We focus less on the implied magnitudes of state 
dependence from these analyses compared to those in Section 4 because the latter are more tightly linked to theory. 
We instead concentrate on the qualitative results from these supplementary approaches and view them as providing 
corroborating evidence on the sign of state dependence.

5.1 Approach 1: Analysis using data on subjective well-being
Each month, the SLP includes the question “How satisfied are you with your life as a whole these days?” with five 
responses ranging from “very dissatisfied” to “very satisfied.” Life satisfaction is a standard question previously used 
by economists to measure well-being (Frey & Stutzer, 2002; Oswald & Wu, 2010, 2011; Benjamin et al., 2014). In 
describing the ideal empirical approach using data on utility proxies, Finkelstein et al. (2013) write:

“If we could observe information on health, consumption, and a proxy for utility, we could simply regress the 
utility proxy on consumption, health, and the interaction of consumption and health, and the coefficient on the 
interaction term would give an estimate of state-dependent utility. In practice, however, we know of no panel 
dataset with sufficient sample size that contains information on consumption, health, and utility proxies.”

The recent creation of the SLP allows us to implement this specification. We estimate the following regression:

LifeSatisfactionit = φ1Hit × ln(Cit) + φ2 ln(Cit) + φ3Hit + αi + τt + λXit + eit      (7)

where i indexes individuals, t indexes survey waves, and life satisfaction proxies for utility. Our primary specification 
is a fixed-effects ordered logit because the dependent variable is measured on a Likert scale. We also estimate 
linear probability models (LPMs), in which the dependent variable is an indicator for respondents who report being 
either “very satisfied” (5% of sample) or “satisfied” (50%) as opposed to “neither satisfied nor dissatisfied” (37%), 
“dissatisfied” (6%), or “very dissatisfied (2%).” Because utility is a continuous ordinal measure rather than a binary 
one, we believe there are also conceptual rationales to prefer the ordered logit over the LPM.14  Xijt includes a quartic 
in age and indicators for household size, which may vary over time. Finally, we include individual fixed effects αi and 
wave fixed effects τt in both the ordered logit and LPMs. Standard errors are clustered at the household level, and 
regressions are weighted using the survey’s sample weights. We also demean all variables to interpret coefficients 
relative to sample averages rather than for zero consumption or a zero probability of being healthy.
The key coefficient is φ1. If φ1 > 0, the marginal utility of consumption is higher in better health. If φ1 < 0, the marginal 
utility of consumption is lower in better health. The null hypothesis is φ1 = 0, which represents state-independent 
utility. By controlling for individual fixed effects and wave fixed effects, φ1 is identified by changes in life satisfaction 
within individuals over time as their health status and consumption vary.

14		 We estimate the fixed effects ordered logit developed by Baetschmann et al. 
(2015, 2020), which extends the conditional maximum likelihood estimator 
for an ordered dependent variable. The thresholds between categories of life 
satisfaction are allowed to vary across individuals.
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5.1.1 Results
Table 4 presents the results of estimating Equation 7, with 
column 1 showing the estimates from the fixed effects 
ordered logit and column 2 showing those from the LPM. 
Before discussing state dependence, we note there’s a 
positive and statistically significant relationship between 
consumption and life satisfaction, as shown by the estimates 
of φ2. There’s also a positive relationship between the health 
index and life satisfaction φ3. Turning to the main coefficient 
of interest, we find strong evidence that the marginal utility 
of consumption is higher in good health. The estimates on φ1 
are positive and statistically significant across specifications.
We also consider alternative measures for satisfaction 
and health status. An important concern with subjective 
measures of well-being like life satisfaction is that it 
doesn’t equal utility. As a supplemental measure, Appendix 
Table B.4 replicates Table 4 using a weighted average that 
incorporates other satisfaction questions in addition to life 
satisfaction as a whole. We first construct indicators for 

whether people report being satisfied or very satisfied with 
the following aspects of their life: social contacts and family 
life, daily activities and job, household income, overall 
economic situation, and health. These questions are also 
asked each month. 
We then calculate a weighted satisfaction measure by 
assigning weights to each of these aspects, drawing on the 
results in Benjamin et al. (2014). For example, life satisfaction 
as a whole accounts for 19% of this weighted average, while 
satisfaction with daily activities and work accounts for 10%. 
The estimates of state dependence are slightly smaller than 
the results in Table 4, which use life satisfaction as a whole 
and again provide evidence that health and consumption are 
complements. Appendix Table B.5 presents results that use 
each person’s number of chronic conditions instead of their 
predicted health status. These regressions also indicate that 
an extra dollar of consumption increases life satisfaction more 
when healthy than when ill.

TABLE 4. LIFE SATISFACTION REGRESSIONS

 Ordered Logit 
(1)

LPM 
(2)

φ1, Health index ×Log consumption 0.381 0.027

(0.101) (0.012)

φ2, Log consumption 0.099 0.015

(0.016) (0.002)

φ3, Health index 1.239 0.143

(0.235) (0.027)

R2 0.660

N 8,878 10,988

NT 353,163 410,220

Notes: Table presents results from estimating Equation 7. Log consumption is the natural logarithm of nondurable consumption. Column 1 presents results 
from the fixed effects ordered logit, and Column 2 presents results from the linear probability model. Both regressions include individual fixed effects and 
wave fixed effects. Standard errors are clustered at the individual level and regressions are weighted using the survey’s sample weights.
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5.2 Approach 2: Analysis using lottery winnings
As another supplemental approach to measure state 
dependence, we exploit random variation in lottery winnings. 
Playing the lottery is very common in Singapore: 53% of 
the sample report they purchased lottery tickets in the last 
year. Previous research using the SLP shows that lottery 
winnings increase life satisfaction, self-assessed health, 
and consumption (Kim & Oswald, 2021; Kim & Koh, 2021). 
Motivated by these findings, we test for heterogeneity 
in the effect of lottery winnings on consumption and 
life satisfaction by (prior) health status. If health and 
consumption are complements, then lottery winnings should 
increase consumption and life satisfaction more when 
healthy than when unhealthy.
Information on lottery winnings and lottery spending is 
measured in three waves (numbers 16, 28, and 52). In our 
sample, the empirical probability of winning any prize money 
is 46% across these waves. Among those who play, annual 
ticket spending is 2,362 SGD and annual winnings are 460 
SGD (999 SGD among winners), on average. Both ticket 
spending and winnings are highly skewed. The statistics in 
our sample are similar to those reported in Kim and Oswald 
(2021) and Kim and Koh (2021), which used data from waves 
16 and 28. As expected, the amount of lottery winnings, 
conditional on lottery spending, is generally unrelated to 
observable characteristics (Appendix Figure B.5).
We estimate the following specification, which closely 
mirrors Kim and Oswald (2021):

yijt = α + η1 ln(Lijt) + η2 ln(Mijt) + µt + ξXijt + uijt   (8)
where yijt denotes life satisfaction or log nondurable 
consumption, Lijt denotes lottery winnings for individual i 
in household j in wave t, and Mijt denotes lottery spending 
(both measured in thousands). As discussed in Kim and 
Oswald (2021), controlling for lottery spending is critical to 

estimate the effect of lottery winnings on outcomes because 
more ticket purchases increase the chance of winning. Ticket 
purchases may affect life satisfaction through psychological 
channels and may affect consumption by crowding out 
other spending. Covariates (Xijt) include indicators for race, 
marriage, education, household size, and a quartic in age.15 
Unlike our earlier analyses, this specification omits individual 
fixed effects because we have only three waves with lottery 
information. Instead, we compare life satisfaction and 
consumption between people who (randomly) win more 
money than others but who have similar levels of lottery 
spending and health conditions. We split the regression by 
those above or below median values of the health index in the 
last wave before lottery purchases. We expect the coefficient 
η1 to be larger for those who were in better health beforehand.
The results are presented in Table 5. First, column 1 replicates 
the results documented in Kim and Koh (2021) and Kim and 
Oswald (2021) that lottery winnings increase life satisfaction, 
conditional on lottery spending. Columns 2 and 3 show this 
effect is higher among those in better health. In column 4, we 
replicate the finding from Kim and Koh (2021) that lottery 
winnings increase consumption. Columns 5 and 6 show this 
effect is also higher for those in better health. We find similar 
results when using the number of chronic conditions instead 
of the health index to split the sample (Appendix Table B.6). 
Overall, we view these results using random lottery winnings 
as corroborating evidence of state dependence: health and 
consumption are complements.

15		 We depart from Kim and Oswald (2021) by omitting other income, 
employment, home ownership, and private transfers because these variables 
may be outcomes that change as a result of winning the lottery.

TABLE 5. REGRESSIONS USING LOTTERY WINNINGS

 Dep var: Life satisfaction Dep var: Log consumption

 All
Below 

median 
health

Above 
median 
health

All
Below 

median 
health

Above 
median 
health

 (1) (2) (3) (1) (2) (3)

Lottery winnings/1,000 0.063 0.039 0.093 0.022 0.019 0.023

(0.016) (0.018) (0.024) (0.005) (0.006) (0.007)

Lottery purchases/1,000 -0.012 -0.007 -0.017 0.012 0.010 0.015

(0.004) (0.005) (0.007) (0.002) (0.003) (0.002)

N 5,524 2,990 3,397 5,281 2,867 3,196

NT 11,295 5,707 5,588 11,251 5,692 5,559

Notes: Table presents results from estimating Equation 7. Log consumption is the natural logarithm of nondurable consumption. Column 1 presents results 
from the fixed effects ordered logit, and Column 2 presents results from the linear probability model. Both regressions include individual fixed effects and 
wave fixed effects. Standard errors are clustered at the individual level and regressions are weighted using the survey’s sample weights.
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6. Quantitative implications: Optimal retirement saving
These results have implications for a range of economic 
decisions and policy design, including health insurance and 
retirement saving. In this section, we show how our estimated 
magnitudes of state dependence meaningfully change 
conclusions about the level of optimal retirement saving. 
We solve a life-cycle model under different assumptions 
about state dependence and the profile of health shocks. 
The model builds on the setup developed in Section 2 and 
is intentionally parsimonious to focus on the role of state 
dependence. We do not model institutional details like taxes 
and government transfers to keep insights more general. 
We only allow for uncertainty in survival, abstracting from 
the role of uncertainty in health status, unemployment, or 
other consumption shocks.16 The results should therefore 
be viewed as illustrative of how state dependence between 
health and consumption can potentially influence optimal 
saving decisions.

6.1 Model structure and implementation
Agents have a per-period utility function that depends on 
their health index h according to the parameter σ: 

 (9)

where γ is the coefficient of relative risk aversion. Each 
period lasts five years. The agent’s life cycle is divided 
between working years (ages 25–65) and retirement 
(ages 65–100), which is assumed to be anticipated and 
exogenous. Agents survive to the next period according to 
a probability that decreases with age and die with certainty 
by age 100. To illustrate the most basic implications of 
state-dependent utility, we assume health depreciates 
deterministically over time.
When working, agents receive labor earnings y that grow 
deterministically:  yt + 1 = gyt. When retired, agents have 
zero labor earnings and withdraw from savings to finance 
consumption. Agents can borrow and save at the gross 
rate 1 + r and can’t die in debt. They’re endowed with initial 
assets A0, which evolve according to:

        At+1=(1 + r)(At + yt – ct)      (10)
We represent the dynamic programming problem recursively. 
Denoting β as the discount factor, the decision problem is given

  
(11)

subject to (10) and AT ≥ 0.

Our baseline model sets σ = 0.27 to be consistent with 
Table 3, since σ =  − 1. We illustrate the influence of 
state dependence by comparing the results to when σ is 
instead zero (state-independent utility). We continue to use 
the same parameters as Table 3 for γ, β, r (adjusted to five-
year periods). We also use the same life tables as before 
to calibrate survival probabilities and match the average of 
the health index by age to that in the SLP. We extrapolate 
the health index to earlier and later ages using the profile of 
health observed in the U.S. National Health Interview Survey 
(NHIS), adjusted for differences in levels between the two 
surveys. We assume individuals earn a $50,000 salary at age 
25 that grows 10% every five years and that A0 = 0.

6.2 Results: Benchmark comparisons
Optimal retirement savings—defined as assets at age 
65—are about 1.4% lower with state-dependent utility 
compared to the benchmark of state-independent utility. This 
calculation holds all parameters and inputs the same except 
for σ. Since health declines as people age, consumption is 
tilted earlier in the life cycle, and saving rates are lower while 
working. We view these magnitudes as moderately sized.
Another way to illustrate the importance of state dependence 
is to consider how ignoring it would affect estimates of 
other preference parameters. One advantage of our data is 
that risk aversion is estimated separately based on well-
established survey questions on hypothetical gambles over 
permanent income. However, it’s common for research to 
estimate risk aversion by matching observed choice data 
to predicted behavior from a structural model. We find that 
ignoring state dependence will meaningfully underestimate 
risk aversion because the optimal consumption profile is less 
smooth under state-dependent utility as consumption is 
shifted earlier in life. We numerically solve for the level of risk 
aversion assuming the (wrong) model of state-independent 
utility that would best rationalize the optimal consumption 
profile generated from the (true) model of state-dependent 
utility. We calculate a CRRA parameter 2.67, which is lower 
than the mean of 2.85 from the hypothetical gambles. An 
econometrician estimating preference parameters from this 
profile will incorrectly infer the reason for these choices as 
lower risk aversion, rather than a higher marginal utility of 
consumption when healthy. This underestimate would have 
implications for the evaluation of counterfactual policies. For 
example, a lower estimate of risk aversion would understate 
the value of annuities and insurance to individuals.

16		 In future versions, we’ll allow some of these variables to be stochastic and to 
influence survival probabilities.
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6.3 Results: Improvements in health over time
We next illustrate how the complementarity between health 
and consumption increases optimal savings rates if more 
years in old age are spent in better health. For this exercise, 
we calculate optimal saving under different health profiles 
while holding σ and all other parameters fixed. Over the 
last six decades, there have been marked improvements in 
the length and quality of life, both in the United States and 
elsewhere. Reductions in mortality and morbidity have been 
especially pronounced among those with higher educational 
attainment and wealth (Leive & Ruhm, 2021; Bavafa et al., 
2023). Continued progress in medical technology and other 
factors that improve health in old age will have important 
implications for saving decisions. To provide magnitudes 
of the health improvements, Figure 4 plots the predicted 
share of people reporting being healthy by five-year age bin 
in the National Health Interview Study, stratified by survey 
decade. These rates have been adjusted for race, gender, and 
education to purge compositional differences in these factors 
over time. The health profiles of different cohorts are fairly 
similar until age 55, but older cohorts subsequently experience 
sharper declines in health compared to younger cohorts. 

For example, 84% of 50-year-olds report being healthy in 
both the 1980–1989 surveys and the 2010–2019 surveys. 
By contrast, 79% of 50-year-olds report being healthy in 
the 2010–2019 surveys compared to 71% in the 1980–1989 
surveys. Health has depreciated at a slower rate in younger 
cohorts.17 
We calculate optimal retirement savings under two 
assumptions about health profiles, which are similar to 
the differences between period and cohort life tables when 
calculating life expectancy. One profile uses that of the 
1980s surveys (the “1980 period” profile). A 50-year-old 
in 1980 expects their health status to be similar in 30 years 
to that of 80-year-olds alive in 1980. The second profile 
follows a cohort forward in time, tracking their health with 
those measured in future surveys of the same cohort (the 
“1980 cohort” profile). Heuristically, the 50-year-old in 1980 
expects they’ll be on the yellow line at age 80 in 2010, not the 
blue line. Optimal retirement savings are 0.3% higher for the 
“1980 cohort” compared to the “1980 period” profile. This 
increase is fairly modest but should again be interpreted as 
an illustration of this particular model.

17		  These differences are plausibly understated due to selection in mortality: A 
larger fraction of less healthy people may survive to a given age in later cohorts 
compared to earlier ones.

FIGURE 4. TRENDS IN SELF-REPORTED HEALTH BY COHORT

Notes: Figure shows the percentage of respondents who report being in good, very good, or excellent health by 
five-year age groups in the National Health Interview Survey (NHIS). Each line aggregates annual surveys from 
that particular decade. Means are calculated using the survey’s sample weights.
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7. Discussion
In this paper, we’ve provided novel evidence on how the 
marginal utility of consumption varies by health status. We 
first develop a formula for state dependence between health 
and utility based on the Euler equations in a stochastic 
life-cycle consumption-savings model. We then estimate 
state dependence using 55 waves of a monthly panel survey 
that measures consumption, health, and other household 
characteristics in Singapore. We find that the marginal utility 
of consumption is higher in good health. A one-standard 
deviation decrease in a person’s health index corresponds 
to a 3.5% reduction in their marginal utility of consumption. 
Our estimates are robust to a number of alternative 
specifications. We also present corroborating evidence of the 
complementarity between health and consumption using two 
supplementary approaches that use data on life satisfaction 
and lottery winnings, building upon Finkelstein et al. (2013), 
Kim and Koh (2021), and Kim and Oswald (2021).
Our paper has several limitations. Like prior research, we 
rely on data from a single country. Most survey respondents 
are between ages 50 and 70 given the survey’s sampling 
frame. These features naturally raise questions about 
generalizability to other settings. Singapore’s population 
is relatively small—slightly larger than that of Denmark—
but it’s reasonably diverse along several dimensions, 

including race, religion, language spoken, and income. In our 
setting, we found relatively little evidence of heterogeneity 
across observable characteristics of individuals. In terms 
of measuring health, we’re limited to the seven chronic 
conditions recorded each month. While these conditions 
represent important ones that are standard in other surveys, 
there are naturally important dimensions of health that we 
miss. Generalizing our findings to other conditions requires 
assuming that the chain of influence from conditions to 
self-reported health and from self-reported health to 
consumption is similar for other conditions.
Our estimated magnitude of state dependence has important 
implications for insurance and saving decisions. We illustrate 
how incorporating state dependence shifts the consumption 
profile earlier in life and lowers optimal retirement saving. 
Ignoring state dependence can also affect inferences on other 
preference parameters if these are not measured separately. 
For example, studies that match observed choices to 
predicted choices from a structural model will underestimate 
risk aversion because the optimal consumption profile is 
less smooth under state dependence. A lower value of risk 
aversion would then understate the value of annuities and 
other forms of insurance. Future research could explore these 
issues in greater detail as well as other implications of the 
complementarity between health and consumption.
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Appendix A. Construction of consumption measures

This appendix describes the expenditure items recorded 
in the SLP and our methods to calculate consumption. We 
adhere closely to standard methods used in the literature 
when possible (Meyer and Sullivan 2013, 2023; Armstrong 
et al. 2022). We include the following items as nondurables: 
utilities and other fuels, communications, domestic and 
housekeeping services, food and beverages, dining and/or 
drinking out, tobacco, clothing, footwear, jewelry, watches, 
accessories, personal care products, entertainment, sports, 
hobbies, vacations, road use fees, petrol, public transportation, 
and any other spending not elsewhere reported. We use 
spending on these items as our measure of nondurable 
consumption. We classify the following items as durables: 
housing, vehicles, furniture and furnishings, television, DVD/
Blu-ray player and recorder, refrigerator, microwave, vacuum 
cleaner, washing machine, clothes dryer, and air conditioners. 
We construct monthly consumption flows for housing and 
vehicles as described below. We lack information on product 
characteristics of other durables to construct consumption 
flows for them and so include expenditure on them instead in 
our measure of durable consumption.
Each month, respondents saw one of five spending summary 
screens. Which screen was shown was randomized. The five 
screens are: (1) subtotals with drop-down and grand total; 
(2) subtotals with drop-down and no grand total; (3) long 
list with grand total; (4) long list with no grand total; and (5) 
summary sub-screens and no grand total. Our regressions 
include indicators for which summary screen the respondent 
saw in each wave.

Rental equivalence of housing for homeowners
For renters, we use expenditure on rent as housing 
consumption. For owners, we calculate a consumption flow 
by constructing the rental equivalent of their home. We do 

so by merging in external government-provided data on 
the average rent in HDB housing by city and the number 
of rooms. We assign households the rent reported in the 
government data corresponding to their type of housing, 
number of rooms, and city. The SLP records the following 
different types of housing: Housing Development Board 
(HDB) flat; Housing and Urban Development Company 
(HUDC) flat; Design, Build and Sell Scheme (DBSS) or 
Executive Condominium (EC) flat; private condo; landed 
house detached; and other housing. The survey records the 
number of rooms (ranging from 1 to 5) or if it’s larger than 
five rooms (“Executive”).

Service flow of vehicles
For households who rent a vehicle, we use vehicle spending 
as the service flow for vehicle consumption. For households 
who own a vehicle, we impute a service flow for vehicle 
consumption. The SLP doesn’t include information on 
the characteristics of the vehicle or how long ago it was 
purchased, so we’re unable to construct service flows 
based on vehicle type and depreciation. Instead, we impute 
a service flow based on vehicle expenditure among non-
owners who have similar observables to vehicle owners. In 
particular, we regress vehicle spending on characteristics 
of the respondent (a quartic polynomial in age and income, 
indicators for education, race, town, household size) and 
survey wave. This imputation assumes that households who 
don’t own a vehicle rent similar vehicles as households with 
the same characteristics that own in the same geographic 
areas. Vehicle ownership is reported annually, rather than 
monthly. If households report a change in ownership status, 
we assume that it occurred midway through the year when 
calculating service flows on a monthly basis.
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Appendix B. Additional results

FIGURE B.1 NUMBER OF DISEASES BY SURVEY WAVE

(A) Individual-level

(B) Household-level

Notes: Figure shows the average number of diseases by wave across individuals (Panel A) and the average total 
number of diseases by households (Panel B). The circles denote the mean for all diseases and the hollow triangles 
denote the mean for heart conditions, stroke, or cancer. Means are calculated using individual-level sample 
weights, which are fixed over time. Sample is not restricted to be a balanced panel, so the mean rate sometimes 
declines between successive quarters due to changes in sample composition.
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FIGURE B.2 CORRELATION BETWEEN SUBJECTIVE AND EMPIRICAL PROBABILITIES OF DISEASE

(A) Hypertension

(C) Cancer

(E) Stroke

Notes: Figure plots binned scatterplots of a regression of an indicator for ever being diagnosed with a disease during the sample period against 
the subjective probability of ever being diagnosed with the disease. The number of equally sized bins are chosen based on data-driven methods 
of Cattaneo et al. (2024). The survey did not include a question about subjective probabilities of developing psychiatric conditions.

B) Diabetes

(D) Heart conditions

(E) Arthritis
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TABLE B.1 CONSUMPTION AND HEALTH INDEX BY MSA ASSETS

 (1) (2)

Health index 0.101 0.095

(0.070) (0.048)

Individual fixed effects Yes Yes

Wave effects Yes Yes

MSA balances at baseline Below median Above median

R2 0.751 0.745

N 4,957 4,691

NT 190,052 200,299

Notes: Table plots regression results of estimating Equation 5 via OLS, stratified by baseline level of MSA assets. The health index is calculated as the 
predicted probability of being in good health based on a regression model. The health index is calculated as the predictions from a logit model with 
indicators for chronic conditions, interactions between conditions and gender, and all two-way interactions between conditions. Column (1) is restricted 
to respondents with 2015 MSA assets below the median, and Column (2) is restricted to respondents with 2015 MSA assets above the median. All 
regressions include individual fixed effects, wave fixed effects, age, and indicators for household size and are weighted using survey sample weights. N 
denotes the number of unique individuals, and NT denotes the number of individual-waves.

FIGURE B.3 POISSON REGRESSIONS: CHANGE IN CONSUMPTION COMPONENTS

Notes: Figure plots Poisson regression estimates of components of nondurable consumption against the health index. 
Vacations include all transportation, accommodation, and recreational expenses on trips. Entertainment includes tickets 
to movies, sporting events, museums, etc. Hobbies and leisure equipment include photography, stamps, newspapers, 
magazines, books, camping, gardening, pets, electronic entertainment (e-magazines, e-books, streaming services), etc.
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TABLE B.2 CONSUMPTION AND NUMBER OF CHRONIC CONDITIONS

 (1)

Number of chronic conditions -0.011

(0.005)

Individual fixed effects Yes

Wave effects Yes

R2 0.789

N 11,001

NT 411,167

Notes: Table plots regression results of estimating Equation 5 via OLS where the independent variable is the number of 
chronic conditions. Regressions also include indicators for household size. N denotes the number of unique individuals and 
NT denotes the number of individual-waves.

FIGURE B.4 HETEROGENEITY IN STATE DEPENDENCE

 
 
Notes: Figure plots estimates of state dependence for different sub-samples. Whiskers denote 90% confidence 
intervals calculated by block bootstrapping 250 samples for each group. For visual clarity, we top-code the upper 
bound of the confidence interval at 3.5.
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TABLE B.3 RELATIONSHIP BETWEEN HEALTH INDEX AND OTHER OUTCOMES

 
Positive health 

spending
Log health 
spending Working Retired

 (1) (2) (3) (4)

Health Index -0.399 -0.734 0.081 -0.068

(0.027) (0.055) (0.082) (0.023)

Individual fixed effects Yes Yes Yes Yes

Wave effects Yes Yes Yes Yes

R2 0.452 0.419 0.815 0.847

N 11,344 9,039 11,066 11,066

NT 420,421 172,614 409,410 409,410

Notes: Table plots regression results of estimating Equation 5 via OLS for an indicator of positive health spending (column 1), log of health spending (column 2), 
an indicator for working (column 3), and an indicator for retired (column 4). Regressions also include indicators for household size. Each column presents the 
results for a different dependent variable. N denotes the number of unique individuals, and NT denotes the number of individual-waves.

FIGURE B.5 BALANCE TESTS: LOTTERY WINNINGS BY OBSERVABLE CHARACTERISTICS

Notes: Figure shows regression estimates of lottery winnings in levels against observable characteristics, controlling for lottery 
purchases, and fixed effects for survey wave. Estimates are divided by mean lottery winnings (including zeros) and multiplied 
by 100 for interpretability. Whiskers denote 95% confidence intervals, calculated using standard errors clustered by individual 
respondents. 
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TABLE B.4 ROBUSTNESS: STATE-DEPENDENCE RESULTS, WEIGHTED SATISFACTION

 (1)

β1 Health index ×Log consumption 0.019

(0.010)

β2 Log consumption 0.011

(0.001)

β3 Health index 0.154

(0.022)

R2 0.783

N 10,983

NT 409,062

Notes: Table shows results from estimating Equation 7 by OLS. The dependent variable in each regression is a weighted average of satisfaction measures. 
To construct weighted satisfaction, we assign the coefficients from Table 2 of Benjamin et al. (2014) as weights to the satisfaction questions measured 
in the SLP as follows: (1) coefficient = 0.31 (Aspect: “How satisfied you are with your life”) assigned to SLP question: Life satisfaction as a whole; (2) 
average of coefficient = 0.37 (Aspect: “The quality of your family relationships”) and coefficient = 0.16 (Aspect: “Your sense of community, belonging, and 
connection with other people”) to the SLP question “How satisfied are you with your social contacts and family life?”; (3) average of coefficient = 0.10 
(Aspect: “Overall quality of experience at work”) and coefficient = 0.22 (“How rewarding the activities in your life are”) to the SLP question “How satisfied 
are you with your daily activities and, if you are working, your job?”; (4) coefficient = 0.11 (Aspect: “Your material standard of living”) to the SLP question 
“How satisfied are you with the total income of your household?”; (5) coefficient = 0.34 (Aspect: “Your financial security”) to the SLP question “How 
satisfied are you with your overall economic situation?”; (6) coefficient = 0.41 (Aspect: “Your health”) to the SLP question “How satisfied are you with your 
health?”; The mean of the dependent variable measuring weighted satisfaction is 0.55. Major diseases are stroke, heart conditions, or cancer. All diseases 
are major chronic conditions plus diabetes, arthritis, hypertension, and psychiatric conditions. Standard errors are clustered by individuals in parentheses. 
Regressions are weighted using survey sample weights. N denotes the number of unique individuals, and NT denotes the number of individual-waves.

TABLE B.5 LIFE SATISFACTION REGRESSIONS, NUMBER OF CHRONIC CONDITIONS

 Ordered Logit 
(1)

LPM 
(2)

β1 Number of chronic conditions ×Log consumption -0.051 -0.005

(0.013) (0.002)

β2 Log consumption 0.086 0.013

(0.016) (0.002)

β3 Number of chronic conditions -0.171 -0.018

(0.035) (0.004)

R2 0.651

N 8,855 10,957

NT 353,954 411,117

Notes: Table presents results from estimating Equation 7 using the number of chronic conditions instead of the health index. Log consumption is the 
natural logarithm of nondurable consumption. Column 1 presents results from the fixed effects ordered logit, and Column 2 presents results from the 
linear probability model. Both regressions include individual fixed effects and wave fixed effects. Standard errors are clustered at the individual level, and 
regressions are weighted using the survey’s sample weights.
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TABLE B.6 REGRESSIONS USING LOTTERY WINNINGS, NUMBER OF CHRONIC CONDITIONS

 Dep var: Life satisfaction Dep var: Log consumption

 
All

Below 
median 
health

Above 
median 
health All

Below 
median 
health

Above 
median 
health

 (1) (2) (3) (1) (2) (3)

Lottery winnings/1,000 0.021 0.032 0.015 0.016 0.016 0.013

(0.006) (0.007) (0.007) (0.005) (0.007) (0.007)

Lottery purchases/1,000 -0.005 -0.007 -0.003 0.012 0.013 0.011

(0.002) (0.003) (0.002) (0.002) (0.003) (0.002)

R2 0.016 0.016 0.025 0.235 0.232 0.234

N 5,524 2,393 2,990 5,524 2,393 2,990

NT 11,295 4,348 5,707 11,257 4,341 5,693

Notes: Table presents results from estimating Equation 8 using the number of chronic conditions. The median conditions refers to the median number 
of chronic conditions. Columns 1–3 present results for life satisfaction, and columns 4–6 present results for log consumption estimated, both via OLS 
(some ordered logits for life satisfaction failed to converge). All regressions include wave fixed effects. Log consumption is the natural logarithm of 
nondurable consumption.
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