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ABSTRACT

This paper explores how the medical expenditure risk affects the households’ portfolio choice across health status
theoretically in a life cycle model and empirically using machine learning methods. Medical expenditure risk, as a
background risk, has the potential to influence households’ financial decisions. A higher medical expenditure risk
leads to a larger fluctuation and more uncertainty in households’ consumption and therefore utility. As a result, risk-
free assets become more attractive. Our machine learning analysis provides evidence that aligns with the
predictions of the theoretical life cycle model. Specifically, households with better health hold a larger proportion
of stocks in their portfolios. Furthermore, when facing increased medical expenditure risk, households in good
health demonstrate a greater willingness to invest in safe assets.
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1. Introduction

This paper investigates the effect of medical expenditure risk on households’ financial allocations across
health in the frame of a life cycle model and machine learning analysis. Withthe increasing concern over high
healthcare costs, especially out-of-pocket medical expenses, it naturally becomes a significant factor influencing
individuals’ financial decision-making. Medical expenditure risk, which cannot be fully insured in the market, can
be seen as a background risk for households. However, existing literature primarily focuses on the level or value of
medical expenses rather than the associated risk (e.g., Rosen and Wu (2004), Ryan Edwards (2008), and Ayyagari
and He (2017)). While the level of medical expenditure affects household budgets and their ability to invest in
financial assets, it alone cannot explain the allocation of risky shares,i.e., the proportion of risky financial
investments relative to total financial assets. In contrast, out-of-pocket medical expenditure risk (hereafter OOP
risk), which refers to the fluctuation of the out-of-pocket medical expenditure over life profiles, is able to reallocate
households’ financial assets structure. The mechanism of health expenditure risk is as follows: A higher medical
expenditure risk indicates greater fluctuations and increased uncertainty in households’ consumption and utility.
Consequently, risk-free assets become more appealing as they provide a hedge againstmedical expenditure risk,
ensuring smoother expected consumption and utility for households over time.

In this paper, our empirical findings are based on the RAND Health and Retirement Study (HRS) data
(hereafter HRS). The HRS dataset is a comprehensive and well-organized collectionof information,
encompassing various variables such as demographics, health, health insurance, Social Security, pensions, family
structure, retirement plans, expectations, and employment history. Additionally, the dataset includes
imputations for income, assets, and medical expendituresto enhance its usability and accuracy. The analysis
of the HRS data reveals interesting patterns.It suggests that households with better health exhibit lower
medical expenditure risk throughouttheir lifetime compared to those with poorer health. Furthermore, the
relationship between an individual’s medical expenditure risk and their portfolio choice appears to be contingent
on their health status. This implies that the impact of medical expenditure risk on portfolio allocation varies
depending on whether the individual is classified as healthy or not. By leveraging the rich and extensive
HRS dataset, this paper provides empirical evidence highlighting the interplay between medical expenditure risk,
health status, and households’ portfolio choices.

To intensively evaluate the contribution of medical spending risk in explaining the portfolio choice across
health, a counterfactual exercise is employed: we eliminate the influence of medical expenditure risk, effectively
removing this risk factor from households’ decision-making. Unsurprisingly,both groups’ risky share increase.
However the effects are asymmetric between the two groups: the effect is larger on the poor healthy group: the
risky portfolio ratio rises from 76.63% to 82.04%, representing a 7 percentage increase. While for the good
health group, the ratio increases from 83.35% to 86.99%, with only a 4 percentage rise. Even without the presence
of medical expenditure uncertainty, the risky share of the poor health group remains lower than that of the good
health group at every age and on average, with a 6% lower allocation. This discrepancy can be attributedto the
strong positive correlation between health status and income. Existing literature suggests that good health is
associated with higher income (e.g., Angus Deaton (2003), Maria Jose Prados (2017)). Higher income can be viewed
as a form of risk-free assets, implying a relatively higher allocation to safe assets compared to total financial assets.
As a result, better health, coupled with higher income, leads to a higher allocation to risky assets in the portfolio.

Our paper makes contributions in the following streams. Firstly, it contributes to the literatureby conducting a
time series analysis of out-of-pocket (OOP) medical expenditure risk, which is a relatively rare approach. As far as
our knowledge extends, the only existing exception is the study conducted by You Du (2021). Previous literature
often focuses on examining the level of medical expenditure, overlooking the aspect of “risk.” That can not be solely
used to explain the risky share choice. In contrast, our study tracks the life profiles of households’ medical
expenditure and utilizes the variance of this AR (1) process as a measure of “risk.” Our paper uses a different dataset
(i.e., HRS) from You Du (2021). The HRS dataset provides comprehensive information on respondents’ portfolios,
health status, and medical expenditures across 13 surveys. This rich dataset enables us to accurately compute
medical expenditure risk using an AR (1) model.

Second, our paper is the first time in the literature, to use the life cycle model and machine learning approach.
This contributes to the methodology in macro-health economics and household finance fields. In this paper, we
adopt two pioneering methods to explore the main question. Theoretical contributions are made by proposing a
life cycle model that incorporates medical expenditure risk, capturing its key features. Life cycle models are
commonly used in modern Macroeconomics to analyze household consumption and savings decisions under
various forms of risk. By incorporating medical expenditure risk into the model, we extend its applicability to the
domain of health-related financial decision-making. Empirically, our paper employs an innovativemachine learning
analysis, which offers several advantages over traditional inferential statistical methods like regressions. Machine
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learning approaches provide the opportunity to extract insights from data without imposing prespecified
assumptions about variable relationships or structure. Additionally, they enable the modeling of non-linear
relationships in high-dimensional spaces, accommodating complex interactions that are often unknown and
challenging to specify in advance. To the best of our knowledge, our paper is the first in the literature to study the
relationship between portfolio allocations and medical expenditure risk by combining theoretical modeling and
empirical research using a machine learning approach. Our findings demonstrate that the empirical evidence
derived from machine learning analysis aligns closely with the predictions of the theoretical models.

Third, the paper employs a machine learning approach to validate the predictions made by the structural
model. Although machine learning has been widely used in fields such as portfolio optimization (e.g,, Ban, El Karoui,
and Lim (2018); Perrin and Roncalli, 2020), medicine expenditure(e.g., Nagarjuna et al. (2022); Kaushik et
al. (2020)), and health status prediction (e.g, Qin etal. (2020); Tarekegn et al. (2020)), we could not find
any literature on the correlation between the three variables studied. Consequently, the paper attempts to
address this gap by utilizing a tree-based model (XGBoost) to predict portfolio choice based on medical expenditure
risk, health,and earnings. Additionally, the SHAP method interprets the XGBoost results and demonstrates the
interaction effects between health status and medical expenditure risk.! The machine learninganalysis provides
evidence consistent with the structural model’s predictions.

To conclude, this paper explores the effect of medical expenditure risk on households’ portfolio choices using
a life cycle model and a new machine learning technique. This study is the firstto examine portfolio
allocations while incorporating health-related factors, using a combination of theoretical modeling and
empirical analysis with machine learning. The results from both the structural model and the empirical analysis
are in agreement and offer valuable insights. In particular, households with better health tend to invest more in
risky assets. Furthermore, when confronted with a higher medical expenditure risk, households in good health are
more likely to invest in safer assets.

The rest of the paper is organized as follows. Section 2 summarizes the related literature. Sections 3 and 4
present our structural model and parameters. The benchmark results and counterfactual experiment are shown in
Sections 5 and 6, respectively. Section 7 briefly introduces the machine learning method (XGBoost) and SHAP.
Section 8 presents data, machine learning results and some robustness checks. Section 9 concludes.

2. Literature Review

This paper makes a significant contribution to the macro-health theoretical literature by combining various
strands of research. While previous studies have examined different aspects related to health expenditure, savings,
and portfolio allocations, our paper fills a critical gap by integratingthese dimensions within a comprehensive
structural model and utilizing a cutting-edge machine learning approach. One of our key findings is the importance
of considering medical expenditure risk in understanding households’ financial decisions. We show that households
can mitigate the impact of high medical expenditure risk by investing in risk-free assets. These assets provide a
stable and predictable return, which helps ensure smoother expected consumption and utility forhouseholds over
time. By allocating a portion of their portfolio to risk-free assets, households create a hedge against the potential
negative effects of medical expenditure shocks, thereby enhancing their financial security and stability.

Previous studies, such as De Nardi et al. (2010) and Kopecky and Koreshkova (2014), have explored the
impact of healthcare expenses on savings behavior among seniors. However, they do not explicitly consider the
portfolio allocation decisions of households. Similarly, Pang and Warshawsky (2010) and Koijen et al. (2016)
investigate portfolio allocations among different financialassets for retired households, but they do not incorporate
endogenous health spending into their analyses. Other studies, such as Halliday et al. (2019) and Prados (2017),
have explored the implications of health status and health investment on various economic outcomes. However,
they do not specifically address the relationship between health expenditure risk and the allocation ofrisky
portfolio shares. Yogo (2016) analyzes retirees’ financial choices while considering health riskand housing risk, but
the specific relationship between health expenditure risk and risky portfolio shares is not explored in detail. In

! In many applications, understanding the reasoning behind a model’s prediction can be just as significant as the
accuracy of the prediction itself. Unfortunately, complex models, such as ensemble or deep learning models, often
provide the highest accuracy for large modern datasets but are difficult for even experts to interpret. This creates a
conflict between accuracy and interpretability. As a solution, various techniques have been recently proposed to
assist users in understanding the predictions of complex models. However, it is often unclear how these methods
are interconnected and when one method may be more suitable than another. To tackle this problem, Lundberg and
Lee (2017) introduce SHAP, a comprehensive framework designed to provide interpretations of predictions.
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contrast to these previous studies, our paper specifically focuses on the relationship between health expenditure
risk and the allocation of risky portfolio shares within a comprehensive structural model. Therefore, we provide a
more comprehensive understanding of how households integrate health dynamics and financial considerations in
theirdecision-making processes.

Our study builds upon the existing empirical literature that explores the relationship between health and
portfolio allocations. Rosen and Wu (2004) provide evidence suggesting that health is a significant factor
influencing households’ decisions among different financial asset categories using the HRS dataset. Edwards
(2008) establishes the role of health in explaining the decline in riskyshare among retirees’ portfolios. Inkmann
et al. (2011) investigate the determinants of annuity market demand with exogenous health spending. Ayyagari
and He (2017) find that Medicare beneficiaries increase their risky share after certain medical prescriptions
become covered. While these empirical studies offer valuable insights into the link between health and
portfolio allocations, our paper extends this line of research by focusing specifically on the impact of medical
expenditure risk on households’ risky portfolio share. By considering the uncertainty associated with medical
expenses, we provide a more comprehensive understanding of how households adjust their risky asset holdings
in response to this specific risk. Our findings contribute to the literature by highlighting the importance of
medical expenditure risk as a distinct factor influencing households’ portfolio decisions and shedding light on the
mechanisms through which health and financial choices are interconnected.

3. Full Model

This section describes the life cycle model of portfolio allocation across health with the medical expenditure
riskz. The benchmark model can be summarized as follows: a retiree enters the model with some initial endowment
of financial assets and health capital. In each period, it receives type-specific flat retirement income, gross return
of its financial assets and faces two types of uncertainties: financial market risk and medical expenditure risk. Then
the senior household chooses consumption and allocates its financial wealth between risk-free bonds and risky
stocks in every period to maximize its life time utility.

3.1. Time

In our model, time is discretized, and each period refers to one year. We consider a representative household
that enters the model at the age of 65, representing the retirement age. Followingthe literature and implications
from HRS data, the maximum of the life period is 81 yearsold in our model3.

3.2. Type-specific Flat Retirement Income

When the household enters retirement, it receives a fixed type-specific retirement income Y; =Y/, based on its
health status type j, where j € {poor health, good health}.

3.3. Type-specific Medical Expenditure and Its Risk

The household faces some uncertainty and volatility of out- of- pocket medical spending overtime, which
is called medical expenditure risk in this paper.# This OOP risk is associated with the retiree’s own health type
(poor health or good health). As the empirical facts suggest, healthier households have lower medical expenditure
risk. An AR(1) process is established to describe the OOP medical expenditure over time. This process allows us
to describe the dynamics of the OOP medical expenditure over time, considering the persistence and volatility
of this expenditure.

log (O0P)¢; = a; + Bilog (O0P)—_1; + €; (1)
where t represents age and i represents an observation in HRS data. The variance of ¢; is the primary focus here,
which illustrates individual i’s OOP risk. A larger var(e;) means a higher OOP risk for the individual i. We first
estimate Equation 1 for each observation in the HRS data, then the estimated coefficients and the variance of
residuals are averaged by health status, i.e. poor health and good health:

2 Throughout this paper, the medical expenditure refers to the out-of-pocket medical expenditure, or OOP.
3 In HRS data, we classify the observations above 81 as one age group.

4 Health insurance is not discussed in this paper. We use out-of-pocket (OOP) expenditure to represent the
medical expenditure, instead of the total medical bill.
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where N and M are the sample sizes for the poor and good wealth groups, respectively.
Table 1 below summarizes the estimation results®. It illustrates that the good health grouphas a smaller
variance of log (OOP) over the life cycle, suggesting its OOP risk is lower comparedto the poor health group.

Table 1. AR (1) Process of Log (OOP) (HRS 1999-2017).

Good Health Poor Health
o 5.71 6.28
B 0.16 0.13
vare) 1.86 2.15
Observations 1207 87

3.4. Budget Constraints

Every period, the household receives income and gross return on its financial assets, and thendecides how
much to consume and how much to save between financial assets. For clarity, the state variables of financial wealth
are named as “asset in bonds Ab;” and “asset in stocks As;”. The control variables of financial wealth that the retiree
chooses are “savings in bonds Ab:1” and“savings in stocks As¢+1”. Out-of-pocket medical spending is exogenous and
follows a Markov chain process over time. The budget constraint is:

C, + Abyy, + Asp41 + OOP, = Ab,Rb, + As.Rs, + Y, (8)

The left-hand side is the sum of consumption C; in period t, next period t + 1's saving between bonds and
stocks, and out- of- pocket medical expenditure in period t. The right- hand side isthe household’s cash on hand
including its flat income Y; in period t and the gross return of its financial assets i.e. Ab:Rb;+ As:Rs:. Rb; is the gross
rate of return for bonds and Rs; is the gross rate of return for stocks.

Financial assets and consumption are assumed to be non-negative in each period. There is noborrowing
in this model.

0 < Ab,, As,,C,, 00P,,Vt 9)

5 In HRS data, health status is defined as five levels: poor, fair, good, very good, and excellent. We classify the poor
and fair levels as the poor health group, and the other three levels as the good health group in our paper. Due to the
data limitation, it generates unbalanced sample sizes for the two groups. However, the sample sizes for both groups
are in a reasonable range and are capable of providing statistical inference.
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3.4.1. Return for Financial Assets
We follow Yogo (2016) for the financial assets. The gross return of bonds Rb; is set to 1.025 and the gross

return of stocks is defined as: 1y, = g€, Where log(es,) ~ N(—02/2,02), 75 is 1.065, reflecting the equity
premium of 4%.

3.5. Utility Function

The utility function is the adoption of You Du (2021), which “highlights the important value of health in
examining optimal portfolio choices.” The representative household values both health and consumption in its utility
function:

(A-a)C +aH)°

U(C, Hp) = 1—0o

(10)

a €(0,1) is the health weight in utility. (1 -a) is the utility weight on consumption. o > 1 is the coefficient of
risk averse.

3.6. Household’s Problem

Formally, atage t, a type j household is characterized by four state variablesé: asset in bonds Aby, asset in stocks
As;, gross rate of return for stocks Rs;, and out-of-pocket medical spending OOP.. The household’s problem could
be written recursively as:

(1 —a)C +aH)'°

UGy, Hy) = — (11)
subject to
C; = AbRb; + As;Rs; +Y; — Abyy 1 — AS;q — OOP; (12)
00P, =y, +y,00P,_; + ¢, (13)
0 < Ab;, As., C, O0P,, Vt (14)

Parameter § € (0, 1) is the subjective discount factor. E is the expectation operator.

In period ¢, the household of state (Ab;, As, Rs, OOP;) chooses consumption C;, saving in bonds Ab:1 and
savings in stocks Asx1 to maximize the sum of two components in Equation 11. The first part is the period utility
directly from current consumption and health. The second component is the discounted expected future value
function. Equation 12 is the budget constraint. The law of motion of medical expenditure is in Equation 13. As we
discussed earlier, out-of-pocket medical expense is type-specific and follows an AR (1) process. Equation 14
presents the non-negative constraints for consumption and financial assets in every period.

4. Calibration

The parameters of the model is discussed in this section.

4.1. Type-Specific OOP Risk

The OOP risks, denoted by ¢, are specific to the health type j (poor health or good health). Toapproximate the
OOP risks as a two-state Markov-chain process, the Tauchen method is employed. Based on the estimation results
presented in Table 1 and the HRS data, the type-specific OOP risks are calibrated as follows: for the poor health
group, two OOP shocks are calibrated to:e;; = 2.78 and ez = 11.65, with the transition matrix [0.65, 0.35; 0.35,
0.65]; The two OOP shocks for good health type are ey 1 = 2.65 and ez = 10.94, with the transition matrix [0.69, 0.31;
0.31, 0.69].

4.2. Preference

We select the discount coefficient as 0.96, and the risk aversion coefficient as 4, values commonlyused in the
literature. We follow You Du (2021) that the quality of life coefficient is 0.4.

6 For neatness, we omit the superscript j in this section.
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4.3. Assets Prices

We follow Yogo (2016) when choosing the annual asset price parameters. The fixed annualgross return
of bonds is 1.025. The average gross return of stocks 7 is 1.065 and the standard deviation of stocks o5 is chosen
as 0.18.

4.4. Summary of Calibration

This part summarizes the parameters used in the model. Some parameters come from related literature. For
the model specific OOP risk parameters, we calibrate them by using the data in Section 3. Table 2 is a
summary.

Table 2. Calibration.

Name Description Value Sources
Preference
subjective discount factor 0.96 . .
g, common literaturecommon literatureYou
Poa CRRA coefficient 4 Du (2021)
quality of life 0.4
Type-specific OOP risk
en Good health OOP risk [2.65, 10.94] calibrated with HRS data
eMp Good health transition matrix [0.69, 0.31; 0.31, 0.69] calibrated with HRS data
el Poor health OOP risk [2.78, 11.65] calibrated with HRS data
eM; Poor health transition matrix [0.65,0.35; 0.35, 0.65] calibrated with HRS data
Financial assets

fixed gross bond returnaverage 1.025 Yogo (2016)

R R Os stock return 1.065 Yogo (2016)
s.d. of stock returns 0.18 Yogo (2016)

5. Benchmark Results

This section presents the simulation results and the discussion. By employing backward induction and
numerical methods, we solve this life cycle model and obtain the policy functions of consumption, savings in bonds,
and savings in stocks. Then we simulate two shocks in the model, i.e. medical expenditure shocks and gross rate
of return for stocks. Table 3 reports the benchmarkmodel’s performance. Overall, the model performs well in
matching the HRS data, particularly in terms of the mean risky shares for each health group. The simulated risky
shares are slightly higher than that in the HRS data (83.35% vs. 82.2% for good health, and 76.63% vs. 74.49% for
poor health). This discrepancy can be attributed to the exclusion of additional background risks that are not
explicitly considered in the benchmark model.

Table 3. Risky Share (%) across Health: Data VS. Model.

Age Group Data-Good H Model-Good H Data-Poor H Model-Poor H
Age 65-66 82.94 77.34 82.05 64.90
Age 67-68 84.09 82.86 74.23 74.22
Age 69-70 81.88 85.21 67.42 78.28
Age 71-72 82.12 86.31 74.6 80.43
Age 73-74 82.52 86.42 77.77 80.77
Age 75-76 85.81 86.09 66.34 80.82
Age 77-78 79.22 85.36 78.31 80.46
Age 79-80 78.06 83.22 74.14 78.55
Age 81+ 81.09 77.38 71.46 71.28
Average 82.2 83.35 74.49 76.63

6. Counterfactual Experiment----No Medical Risk

In this experiment, both health groups face constant medical expenditures without any uncertainty. The results
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show that the elimination of medical expense risk leads to an increase in risky shares for both health groups across
all time periods. For the good health group, it increases from 83.35% to 86.99%, with a 4.37% rise. For the poor
health group, it climbs from 76.63% up t082.04%, with a 7.06 % increase. The medical expenditure risk
illustrates asymmetric effects onthese two health groups, and has a larger effect on the poor health group.
Our results also highlight the importance of health status in portfolio allocations. In this economy, the only
uncertainty comes from the stock return, which is identical for both groups. Meanwhile, the good health group’s
risky share is higher than that of the poor health group acrossall ages and on average, with a 6% difference (86.99%
vs. 82.04%). This finding suggests that health status can be viewed as an additional form of “safe assets” that
influences households’ portfolio choices, leading them to allocate a higher proportion of their wealth to risky assets.

Table 4. Risky Share (%) across Health: Benchmark Model VS Experiment.

Age Group Model-Good H Exp -Good H Model-Poor H Exp -Poor H
Age 65-66 77.34 79.62 64.90 72.81
Age 67-68 82.86 85.68 74.22 81.32
Age 69-70 85.21 88.57 78.28 83.56
Age 71-72 86.31 89.84 80.43 85.78
Age 73-74 86.42 90.56 80.77 86.95
Age 75-76 86.09 90.39 80.82 86.19
Age 77-78 85.36 89.48 80.46 84.37
Age 79-80 83.22 87.29 78.55 82.04
Age 81+ 77.38 81.483 71.28 74.79
Average 83.35 86.99 76.63 82.04

7. Machine Learning Methods

This section introduces the main machine learning techniques utilized in the study: eXtreme Gradient Boosting
(XGBoost) and Shapley Additive exPlanations (SHAP). Specifically, XGBoost is employed to model the relationship
between the risky share (the proportion of stock asset amount to the sum of stock and bond asset amount in an
individual’s portfolio) and three key factors: medical risk, health status, and earnings.

The decision to use XGBoost and SHAP was based on several factors. Firstly, the relationship between the risky
share and factors is not well-understood and is likely to be complex and non-linear. A simple linear regression
model would not be ideal for this purpose. XGBoost, on theother hand, is based on decision tree methods and
is proven to be a highly efficient implementationof gradient-boosted decision trees. It is an ensemble learning
technique that combines multipleweak decision tree models to create a strong model. Because it is based on
decision tree methods, XGBoost is capable of learning complex, non-linear, and hierarchical relationships between
variables. Thus, XGBoost is a suitable choice for this study.” Other machine learning methods areemployed as
robustness checks.

Secondly, while coefficients or R-squares in linear regression models are easily interpretable, machine
learning results can be quite challenging to understand. To address this issue, we utilize the SHAP method.
Proposed by Lundberg and Lee (2017), SHAP employs game theory (Strumbelj and Kononenko, 2014) and local
explanations (Ribeiro et al., 2016) to estimate the marginal contribution of each factor, measured using Shapley
values. Shapley values are a measurement of an instance of a factor’s average contribution across all possible
coalitions and are used to determine each factor’s contribution to the changes in a given outcome variable.
Essentially, Shapley values help accurately allocate contributions to each factor, making machine learning results
easier to understand. The visualization generated by Shapley values further simplifies thisprocess. For more
information on SHAP, readers may refer to Huang (2022).

Thirdly, SHAP is an excellent tool to examine the interaction effects between factors, whichis one of the main
objectives of this study. SHAP’s visualization capabilities facilitate the understanding of these interactions.

7 Readers may refer to Chen and Guestrin (2016) for more detailed information on XGBoost, particularly its
mathematical aspects. Lundberg et al. (2020) demonstrate that gradient-boosted tree models - a more general
version of XGBoost - can be both more accurate than other machine learning methods such as neural networks and
more interpretable than standard linear models. Recent applications of XGBoost can be found in works by Huang
(2022) and others.
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8. Data and Results

8.1. Data

In this section, we introduce the data used in our study and present the results obtained through the machine
learning approach. We use the RAND Health and Retirement Study (HRS)Longitudinal File 2018 as our data source.
This file is a comprehensive and easy-to-use dataset containing public information (i.e., no restricted data) from the
HRS Core and Exit interviews. It includes variables on a variety of topics, including demographics, health, health
insurance, Social Security, pensions, retirement plans, family structure, employment history, as well as
imputationsfor income, assets, and medical expenditures developed at RAND. All variables have consistent naming
conventions and derivations across survey years, with any cross-wave differences documented.8

We use several variables from the dataset for our study, including stock and bond assets, age, self-reported
health, earnings, and medical expenditures (out of pocket) for respondents. We compute the risky asset share as
the ratio of stocks to the sum of stocks and bond assets for each respondent. Medical expenditure risk is calculated
using Equation 1 through regression of recent out-of-pocket medical expenditures on the previous observation’s
expenditures for each individual.To perform our analysis, we only include respondents who have less than
six missing values forstock, bond, and self-reported health variables and have less than three missing values for
medical expenditures, where the number of positive medical expenditures is greater than two. Respondents who
hold stock and bond assets in the next observation are excluded from the sample. Afterward,we calculate the
variables’ mean across all survey periods and retain only those with a mean age greater than 64 years (i.e., >=65),
resulting in a total sample of 1294 respondents.

Table 5 summarizes the statistics for the variables used in our machine learning analysis. The average risky
share in our sample is 82%, indicating that most respondents hold more stock assets than bond assets. The average
self-reported health is 2.3, which indicates that respondents’ healthis generally good to very good.

Table 5. Summary Statistics.

Risky Share (%) HLT 00P Earning (log)
Min 0.23 1.00 0.17 -9.21
Mean 81.68 2.31 1.88 3.36
Median 90.43 2.00 0.97 8.19
Max 100.00 5.00 9.24 12.70
SD 21.72 0.79 2.00 8.32

Table 6. Regression results.

Dependent variable:

ratio
(1) (2) ) (4)
Oo0P 0.07 0.04 0.05 -1.04
HLT =242 -2.31™ -3.30™
Earning 0.07 0.07
OOP: HLT 0.48
Constant 81.54™ 87.19™ 86.70™" 88.96™
Observations 1,294 1,294 1,294 1,294
Adjusted R2 -0.001 0.01 0.01 0.01

Note: ‘p<0.1; “p<0.05; *"p<0.01.

8.2. Results

In this section, we present the results of both regression analysis and machine learning techniques. Table 6
displays the regression results, indicating that medical expenditure risk is positively associated with risky share,
but this relationship is not statistically significant when controlling for health and earnings. However, conditional
on health, the association tends to change in size. Importantly, health has a statistically significant negative

8  Additional information on the RAND HRS Longitudinal File 2018 can be found at:
https://hrsdata.isr.umich.edu/data-products/rand-hrs-longitudinal-file-2018.
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association with risky share, even whencontrolling for the interaction term between OOP and HLT. Although the
interaction term has an insignificant coefficient, we should be cautious in concluding that there are no interaction
effects between medical expenditure risk and health, given that regression analysis relies on strongassumptions
regarding the model specification. Thus, we also employ machine learning methods to examine the relationship
between risky share, medical expenditure risk, and health, which does not impose any model specification.

Our machine learning results in Figure 1 indicate that health status is the most important variable in predicting
risky share, and medical expenditure risk has less predictive power. This finding is consistent with our regression
and structural model predictions, which also emphasize the significance of health. The SHAP values plotted in
Figure 2 reveal that the higher the health insurance benefit, the lower the risky share (i.e., holding fewer stocks).
Contrarily, respondents with lower medical expenditure risk tend to have a higher risky share. Furthermore, Figure
3 illustrates the interaction effects between health and medical expenditure risk. As health deteriorates, the SHAP
values decrease, and respondents with good health tend to hold more safe assets when medical expenditure risk
is high and invest in more stocks when medical risk is low.
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Figure 1. Average impacts on risky share.
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Figure 2. Impacts on risky share.

In summary, combining both regression analysis and machine learning techniques, we find substantial
evidence that health is a crucial factor that affects risky share, while medical expenditurerisk has a secondary
impact.

8.2.1. Robustness Checks

This section presents the robustness results of our study. First, we apply two common machine learning
techniques, support vector machine, and neural networks, to replicate our analysis.Secondly, we balance our data
and conduct the same research using XGBoost. We perform undersampling based on nearness to balance the data,
as we divide households by HLT to good andpoor health groups in order to conduct some estimations, as shown in
Table 1. Figures 4 and 5 display the results of our robustness checks, which are quite similar to the main findings.
HLT is still the most important factor to predict risky shares and is negatively correlated with it.
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Figure 3. Interaction effects of health and medical expenditure risk on risky share.

Figure 6 presents the interaction effects between health and expenditure risk using supportvector machine
and neural networks. As with XGBoost, we observe that as health deterioratesrisky share becomes smaller,
consistent with our main results. Additionally, conditional on beingin good health, respondents with higher
medical risk tend to have a lower risky share, which is consistent with the results obtained using XGBoost, as
shown in Figure 3.

To conclude, our robustness checks using different machine learning techniques and a balanced data approach
confirm the main results of the study, further strengthening our findings regardingthe impact of health and
medical expenditure risk on risky share.
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Figure 6. Interaction effects of health and medical expenditure risk on risky share using other ML

9, Conclusion

methods.

This paper provides a comprehensive analysis of the relationship between medical expenditure risk, health
status, and portfolio choices. By integrating a life cycle model with machine learning techniques, we are able to
examine both the theoretical predictions and empirical evidence regarding these relationships. The results of our
study reveal several key findings. First, we find that relative to households with good health, the poor health group
has a higher medical expenditurerisk and holds a portfolio with a less risky share. Additionally, when the medical
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expenditure risk is eliminated from the model, both the good health group and the poor health group increase their
allocation to risky assets. This suggests that in the absence of medical expenditure risk, households are more
inclined to invest in riskier assets, potentially seeking higher returns. However, it isworth noting that the effect is
more pronounced in the poor health group, indicating that medicalexpenditure risk has a greater impact on their
portfolio choices. To strengthen the robustness of our findings, we conduct various sensitivity analyses using
alternative machine learning methodsand data balancing techniques.

Our results advance the understanding of the causal relationship between health, medical expenditure risk,
and portfolio allocations. More specifically, the life profile analysis of medical expenditure risk in our paper fills the
gap in this field and contributes to the literature. In addition, the cutting-edge methods of structural modeling and
machine learning promote the existingmethodologies in household finance and health research fields. Overall, our
findings contribute to the existing literature by shedding light on the mechanisms through which health and
medical expenditure risk influence households’ portfolio choices. By using innovative methodologies, we not only
advance our understanding of this relationship but also provide valuable insights for policymakers and
practitioners in the areas of household finance and healthcare.

However, our study has some limitations. Firstly, we focus on only health variables, while otherfactors like
education, and demographic characteristics could also impact households’ portfolio choices. Secondly, our study is
limited to the US health care system, and the results may not be generalizable to other countries.

Our study’s policy implications are clear. Policymakers and practitioners should be aware of the significant
impact of medical expenditure risk on households’ portfolio choices, especially forthose with poor health. They
should also consider ways to mitigate medical expenditure risk and increase households’ access to affordable health
care, especially for low-income households. Finally, our study’s innovative analytical techniques could be useful for
developing more targeted policiesand interventions, and addressing the important issue of how health and medical
expenditure riskinfluence households’ financial decisions.
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